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ABSTRACT

The hydraulic fracturing designs, drilling, and completion trends are undergoing
continuous change as the oil and gas industry pushing the boundaries of the traditional
designs to increase wells productivity and meet the energy demand. The lateral length in
addition to the amount of proppant and water used in well stimulation have witnessed a
paradigm shift over the past few years. The motivation for this work began with a desire to
better understand well performance as a function of the type of fracturing fluid treatment
applied. An early objective was to compare whether East Texas Cotton Valley wells
stimulated with water fracs had better long-term performance than similar wells stimulated
with gelled fluids.
This initial work revealed challenges in acquiring sufficient data for the research,
which led to the objective of building a new database from publically available information
and then using that information to address the research questions. Developing this database
required novel methods of determining at least two key parameters not readily available.
One parameter was fluid and proppant volumes, as the FracFocus database reports mass
percentages. The second parameter was perforated lateral length as a proxy for fracturing
stage data, which was not available for this research.
This work resulted in a methodology for combining FracFocus fluid data with
DrillingInfo. A dashboard was also developed to facilitate easy analysis with the newly
created database. Once the database and dashboard were available, secondary objectives
were to identify completion trends in specific shale play areas, such as the Marcellus and
Permian Basin, and to apply data analytics to specific shale play areas.
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SECTION

1. INTRODUCTION

1.1. DEVELOPMENT OF OIL AND NATURAL GAS FROM SHALE
Geologists have known for years that substantial deposits of oil and natural gas are
trapped in deep shale formations. These shale reservoirs were created tens of millions of
years ago. In the U.S. and around the world today modern horizontal drilling techniques
and hydraulic fracturing have helped to access and produce oil and natural gas in these
shale reservoirs Figure 1.1 shows different shale plays distributed on the lower 48 United
States map.

Figure 1.1 Shale Plays in the United States (E.I.A., 2019)
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1.2. UNCONVENTIONAL RESOURCES OIL AND GAS
Conventional and unconventional resources are different in their reservoir
characteristics. Traditional method used to evaluate conventional reservoirs are not
necessarily applicable in analyzing unconventional reservoirs. Therefore, optimizing well
completions and production fromunconventional shale resources have presented many
challenges to the oil and gas industry.
Unconventional resources, such as tight/shale gas, tight oil, and oil sand are
important to the future of the oil and gas industry as they play significant role in the world’s
energy supply. The world’s growing economies require sustained use of oil and gas for the
foreseeable future as the need for supply of energy increases. As renewables supply grows,
unconventional resources role in the future energy will remain significant, particularly as
the unconventional resources are an order of magnitude larger than the conventional
deposits that were the primary targets of exploration and production (Leimkuhler, 2012).
Unconventional deposits can be grouped into three general categories:
1.

Unconventional reservoirs, which comprise source rocks and ultra-tight

sandstone and carbonates.
2.

Unconventional fluids, including heavy oil, bitumen, and sour/acid gases.

3.

Hydrocarbons that are locked in rocks, such as methane hydrates and shale

oil that is trapped in an immature source rock.
Based on the latested reported data by the U.S. Energy Information Administration
(eia), As of December 2018, the U.S. tight plays and shale have produced about 7 million
BBL/Day and 65 billion cubic feet/Day, respectively.
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The U.S. record of natural gas production is credited to the shale gas production
that became readily available after the introduction of hydraulic fracturing techniques to
the unconventional resources.
Figure 1.2 shows the average daily crude oil production (Million BBL/D) and the
average daily production of natural gas (Bcf/d) between 2004 and 2018. It illustrates that
the United States has increased its daily production over the years and the tight oil has
contributed 60% of the total production as well as shale gas has provided 70% of the total
U.S. production by the end of 2018.

Figure 1.2. U.S. Oil and Natural Gas Production 2004-2018 (EIA, 2019)

1.3. HYDRAULIC FRACTURING
Hydraulic Fracturing (H.F.) is a process which consists of pumping a mixture of
mostly water and sand, plus a few chemicals, under controlled conditions into deep
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underground reservoir formations. The chemicals are generally used for lubrication, to
keep bacteria from forming, and to provide enough viscosity to help carry the sand. These
chemicals typically range in concentrations from 0.1 to 0.5 percent by volume and help to
improve the performance of the stimulation process. Figure 1.3 represents an example of
hydraulic fracturing fluid components, 99.5% of the fluid mixture is mainly water and sand
with 0.5% other chemicals.
A majority of chemicals used in hydraulic fracturing are now disclosed by the
fracturing company in a registry referred to as FracFocus, maintained by the Groundwater
Protection Council. The website can be accessed on www.fracfocus.org. This site lists the
chemicals and the amounts used on a particular hydraulic fracturing job. The information
provided lists the components, ingredient, purpose, and the amount as a percent
composition by mass from the total hydraulic fracturing fluid components. In water based
hydraulic fracturing fluids, water is the main ingredient, sand is the second largest
ingredient followed by small quantities of acid, biocides, scale inhibitors. Friction reducers,
and gelling agents. Each one of the chemical additives has a specific purpose, e.g. acid
removes near wellbore damage, cleans up perforations prior to injecting fracturing fluids;
biocides control bacterial growth in hydraulic fracturing fluids to prevent clogging and
reduced performance of the stimulation process; corrosion inhibitor prevents corrosion of
tanks and pipes; friction reducers decrease the pumping friction in pipes and inside the
created fractures; and gelling agent improves proppant placement and provide higher
viscosity to carry proppant particles further into the fractures.
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Figure 1.3. Example of a Typical Fracturing Fluid Composition (wa.gov.au, 2018)

1.4. DATA MINING AND USING BIG DATA APPROACHES
Big data analytics are emerging as a useful tool to optimize well completion
parameters such as the type of fracturing fluid or proppant used. The use of data analytics
is being facilitiated through the accumulation and online availability of public data like
FracFocus. The ability to integrate chemical data with the completion and production data
in a single data baseenables each well to serve as a real-scale geophysical experiment to
come up with a scientific and data driven insights and models that help to address many of
the questions and concerns expressed by operators, the public, environmentalists,
regulatory representatives, and non-profit organizations related to the hydraulic fracturing
stimulation.
The application of data science in the oil and gas industry is an emerging
technology. Some major companies have established new divisions within the company
to deal with their accumulated data. Data science and analytics help the company’s
management and engineers to gain better insights about the performance of their processes
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with an ultimate goal to optimize the process and increase productivity. In the upstream
part of the oil and gas industry, data scientists are faced with enormous amount of data
including the production, completion, hydraulic fracturing treatment components, and
other treatment parameters. In most cases, the database would include tens of millions of
raw data inputs. The role of the data scientist or as it referred in some companies as to a
hybrid engineer, is to de-silo the dataset and clean the data from outliers, inaccuracy, and
solve formatting issues. Once the data is clean it will be ready for data analysis and
visualizations.
Outcomes from big data analysis offer the operational engineers and managements
a fuller picture of their managed assets and enables them to drill down through the data and
gain specialized analyses and visualizations for different levels of interests. The use of this
evolving technology enabled the engineers to shift from the old approaches of being stuck
to offline spreadsheets to fully dynamic dashboards that enable them to display different
outputs in the same time while being able to interact with the data, run simulations, and
test several ideas with simple mouse clicks.
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2. RESEARCH MOTIVATIONS AND OBJECTIVES

2.1. RESEARCH MOTIVATION
The motivation for this work began with a desire to better understand well
performance as a function of the type of fracturing fluid treatment applied. An early
objective was to compare whether East Texas Cotton Valley wells stimulated with water
fracs had better long-term performance than similar wells stimulated with gelled
fluids. This initial work revealed challenges in acquiring sufficient data for the research,
which led to the objective of building a new database from publically available information
and then using that information to address the research questions. Developing this database
required novel methods of determining at least two key parameters not readily
available. One parameter was fluid volume and proppant mass, as the FracFocus database
reports mass percentages. The second parameter was perforated lateral length as a proxy
for fracturing stage data, which was not available for this research.
This work resulted in a methodology for combining FracFocus fluid data with
DrillingInfo. A dashboard was also developed to facilitate easy analysis with the newly
created database. Once the database and dashboard were available, a primary motive was
to use this database to identify completion trends in specific shale play areas, such as the
Marcellus and Permian Basin, and to apply data analytics to specific shale play areas.
Another movtive of the work was to use the database to investigate operational
trends. For example, well pad density as of January 1, 2015 and again as of January 1, 2019
were plotted for U.S. shale plays and provided to the Health Effects Institute (HEI)*. This
work will be published separately from the publications in this dissertation.
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2.2. RESEARCH OBJECTIVE
Objectives of this research include
•

Constructing a comprehensive database that combines FracFocus chemical

chemical data and DrillingInfo production and completion data for several major U.S.
Shale Plays.
•

Develop data gathering and processing methodologies to serve as a

guideline to update the created database.
•

Develop classification system to identify the hydraulic fracturing treatment

types based on the type and percentages of the chemicals used.
•

Develop interactive descriptive models in the form of modern dashboards

that are user-friendly powered by TIBCO SpotFire.
•

Build statistical models to compare and predict the performance of wells

based on type of the treatments, completion, and stimulation parameters.

____________________________________________________________________________________________________
*HEI, 2019 “Potential Human Exposures Associated with Unconvetional Oil and Gas Development: Literature Survey and
Research Planning”, Health Effects Institute – Energy, Boston, MA. Report expected September 2019.
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I. LONG-TERM COMPARISON OF GEL AND WATER FRACTURE
STIMULATION IN MARCELLUS SHALE PLAY
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ABSTRACT

The goal of any hydraulic fracturing stimulation is to design and execute the
appropriate treatment that is best suited for the stimulated reservoir. Selecting the best
treatment must achieve the desired fracture geometry to maximize long-term well
productivity and reserve recovery. The main objective of this study is to conduct detailed
short and long-term production and well-to-well comparisons of the different types of
fracture stimulation fluids in the Marcellus Shale play.
A database of more than 4,000 horizontal, stimulated Marcellus wells was
constructed for this study. The wells were divided into four groups according to the type
of treating fluid: water, gel, cross-linked, and hybrid fracs. Chemical data from FracFocus
were gathered and processed then combined with completion and production data to
investigate the gas short and long-term production. Detailed monthly production data for
the studied wells were captured from DrillingInfo database and utilized in this study.
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This paper reports and compares the Marcellus gas initial production, the gas
cumulative production at the end of the first month, first 6 months, first year, 2 years, and
5 years, according to the type of hydraulic fracturing fluid used in primary stimulation.
The work provides insights into Marcellus well performance as a function of stimulation
parameters such as the volume of stimulation fluid and the amount of pumped proppants.
The impact of perforated lateral length is taken into consideration and used to normalize
production and stimulation parameters. The study shows that water fracturing fluids
outperformed the other types of hydraulic fracturing fluids.
This paper introduces several data processing workflows that serve as a reference
for individuals who are interested in extracting and processing data from the FracFocus
database. It also documents the occurrence in hydraulic fracturing fluid types and measures
the effects of the fracturing fluid volume and total proppant pumped on the initial and
cumulative production.

1. INTRODUCTION

Advancements in horizontal drilling technology coupled with the ability to
economically place repeated hydraulic fracturing stimulations along the horizontal well
have driven the growth in developing unconventional resources as a leading source of oil
and gas to the energy supply in the United States. The resulting boom in drilling and
stimulation have led to an accumulation of a vast amount of drilling, completion,
stimulation, and production data. Gathering and analyzing all of the accumulated data aid
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in optimizing the productivity of the wells and identify the greatest economic exploitation
methods for future well drilling and completion.
A large number of industries have been applying data descriptive and predictive
approaches in their operations’ optimization in addition to decision making and future
planning. Data analytics have been defined as one of the highest growing fields within the
oil and gas industry (Khvostichenko and Makarychev-Mikhailov, 2018). Many of the
operators and service contractors have realized the imperative of data-driven decisions and
started to appropriate many of their resources to expand their data utilization in everyday
decisions. The literature shows an abundance of articles that depicts the growing interest
in data analysis studies. The output of this kind of studies are very insightful and shows a
wide range of applicability (Yang et al., 2013; Arthur et al., 2014; Romero and Poston,
2016; Myers et al., 2017; Luo and Zhang, 2018; Olaoye and Zakhour, 2018; Srinivasan et
al., 2018; Carman and Wheeler, 2018; Weijers et al., 2019, Al-Alwani et al., 2019).
In hydraulic fracturing, fluids ladened with proppant, are injected under high
pressure to create a fracture which provides a pathway for oil and gas to readily flow into
a well. There are four stages found in most stimulation treatments. The spearhead prefracturing stage or it can also be called as the acid stage involves pumping water with
diluted acid to clean and clear the perforations and the near wellbore area from any
potential debris. The next stage is the pad stage which involves pumping the mixed water
and chemicals fluid under a certain pressure to initiate and propagate the fracture. The
following stage is the slurry or the proppant stage which involves the pumping of a mix of
hydraulic fracturing fluid and propping agents. The proppant will be transported into the
fracture and remain in the fractures to keep them propped open. The final and last stage is

12
the flush stage which involves pumping clean base fluid to displace any proppant from the
wellbore.
There are several types of hydraulic fracturing fluids. Water fracs consist of water,
friction reducer, and may also include some clay control agents and other chemical
ingredients. Gel fracs (linear gel) includes water, gelling agents and other chemical
components. Example of gelling agents can be guar, hydroxypropyl guar (HPG) or
hydroxyethyl cellulose (HEC). Gelling agents can be prone to bacterial growth; therefore,
biocides are usually added to the gel fluid to eliminate bacterial problems. Cross-linked gel
consists of water, gelling agents and cross-linking agents. The use of cross-linked gel
fracturing fluid requires adding breakers to the mixed fluid to help break the cross-linked
gel fluid in the fractures and flow back to the surface once the job is completed. In some
of the stimulated wells, a combination of the three different types of hydraulic fracturing
fluids can be used. For example, treated water can be pumped in some stages then followed
by linear gel in the other stages. Another example can be a linear gel to cross-linked gel.
The combination of different fluid types used in the same fracturing job classified as hybrid
fluid fracturing.
The Marcellus shale play is located in the Appalachian basin. It is a source rock
that belongs to the Middle Devonian. The Marcellus Shale extends across Pennsylvania,
West Virginia, New York, Kentucky, and Ohio. The shale characteristics of the Marcellus
vary from the Northeastern side to the Southwestern side. Modern applications of hydraulic
fracturing in the Marcellus began in 2003 and 2004, when operators in the Southwestern
part of Marcellus utilized large slickwater treatments to test the applicability of horizontal
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well multi-stage fracturing in the Marcellus shale after it was found to be successful in the
Barnett shale in Texas (Myers, 2018).
The ultimate objective of this study is to compare both short- and long-term
Marcellus stimulated well performance as a function of different hydraulic fracturing fluid
treatments. The publicly available FracFocus database was used to identify the type of
hydraulic fracturing fluids used in wells. Data obtained from FracFocus was combined with
commercially available well production data (DrillingInfo, 2019). The following
discussion presents details regarding the data handling and workflows created to uniquely
identify hydraulic fracturing treatments, and then associate those treatments with each
Marcellus well production history. It also compares Marcellus well performance as a
function of fluid volumes, proppant loads, normalized on lateral well length.

2. APPROACH

A core requirement of this study was to establish a methodology to utilize the
publicly accessible FracFocus database and establish procedures to extract the data and
transform it to usable inputs. For example, FracFocus provides each single chemical
treatment applied in a well as a separate row of data. Identifying all stimulation treatments
associated with the primary completion in a particular well, requires some aggregation
method to be applied to the rows of data. This is but one example of numerous such
adjustments required to clean and format FracFocus data. Importantly, an understanding
of unconventional well hydraulic fracturing fluids and procedures is really required to
process these data and ensure a robust and verified database.

14
FracFocus database contains chemical data for wells completed after 2011, when
the FracFocus 1.0 registry began. However, it is important to note that reporting methods
varied over time and many wells completed in the earliest time period may not have
complete data. These wells were excluded from study.
The FracFocus data were then merged with the completion and production
database of DrillingInfo. Merging the two databases provides the ability to associate
hydraulic fracturing fluid treatments in a well with its drilling and completion parameters
and production history. The merged database created in this study includes all stimulated
wells throughout the United States reported in FracFocus. Only Marcellus wells are
included in this work.
The following subsections provide additional detail regarding the technical
approach used to process the data. This discussion can serve as a guide for future FracFocus
data mining and processing.
2.1. HANDLING RAW FRACFOCUS DATA
More than 4 million rows of chemical ingredients data were downloaded from the
FracFocus website. The data are available online to be downloaded in Excel files. Due to
the limitations of the number of rows that one Excel sheet can accept (maximum of
1,048,576 rows) the Fracfocus data were downloaded and condensed into 5 Excel files,
which were then combined and processed together. Once all the FracFocus data were
stacked together, the following step was to identify parameters to be included in the
database (e.g. well location, ingredient name, water volume, etc) and ignore the
unnecessary inputs (e.g. file upload key). The format of some data columns were adjusted
for further use. For example, the date data was adjusted from FracFocus format of
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mm/dd/yyyy hh:mm to mm/dd/yyyy and well location data (surface longitude and latitude)
were used to create centroid points to map the wells’ surface location on the map. After all
the data merging and formatting, the selected columns were cleaned from any leading or
trailing white spaces and then saved in the format of tab-delimited text file to be used in
the next phase of the data processing. Figure 1 illustrates the FracFocus initial data
processing workflow.

Figure 1. Data Processing Workflow Illustrating the Initial Steps to Process FracFocus
Data Files

2.2. GROUPING FRACFOCUS CHEMICAL INGREDIENTS
One of the biggest challenges in using the FracFocus data is that the data are
presented in a stacked format. For a single well report, there are several rows of the same
chemical groups that represent different mass percentage of a chemical ingredient. This
work classifies all the chemicals into 19 groups and then process each group of chemicals
separately to aggregate the total mass percentage of each group’s chemical used in a
particular well. The chemical groups designated are as follows: water, proppant, gelling
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agents, cross linkers, breakers, friction reducers, surfactants, biocides, clay control, acid,
pH adjuster, corrosion inhibitor, iron control, scale inhibitor, non-emulsifiers, solvents,
liquid N2, others, and other non-CAS chemicals.
Classifying FracFocus data into the aforementioned groups is not an easy task and
requires knowledge of hydraulic fracturing treatments applied in unconventional oil and
gas well. It also requires data analysis and grouping methods. In FracFocus, there are no
standards in reporting the chemicals’ name or function which makes it impractical to try to
classify the ingredients based only on the name or the purpose. To properly classify the
chemical groups, a combination of the chemical ingredient name along with the chemical
abstract service number (CAS-Number) was used. CAS-Number is a unique number
assigned for any chemical substance and each CAS-Number linked to a list of information
that describes the chemical substance. A treemap chart technique was applied in a hierarchy
style to group chemicals. The chemicals that are heavily present in the highest number of
fractured wells are listed on top of the hierarchy. The ingredient name will be assigned
based on the most frequently mentioned name among all the wells which was associated
with a specific CAS-Number. Applying the “most common” function in assigning the
ingredient name eliminates the FracFocus pitfalls of naming the chemicals in different
styles and spelling errors. The size of the box in the treemap is based on the count of the
number of the wells that the CAS-Number existed.
Figure 2. Illustrates a treemap chart with the basic setup steps to create the chart
based on the FracFocus database. In this illustration, the CAS-Number 14808-60-7 is the
unique number for sand that is used as a proppant in hydraulic fracturing. Sand is on top
of the hierarchy followed by water (7732-18-5) because they comprise the greatest mass
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percent ingredients in all the stimulated wells. Based on the CAS-Number all the chemicals
were grouped into one of the 19 groups. Two sources of data check were used to validate
the accurate function of each CAS-Number in order to assign it to the appropriate group.
Environmental protection agency (EPA) safer chemical ingredients list and a study
conducted by Helmholtz Zentrum München, Institute of groundwater ecology which lists
complete list of all H.F. fracturing chemicals extracted from the Waxman list and the
FracFocus database were utilized in identifying the prospective chemical groups (Elsner &
Hoelzer, 2016; EPA, 2019).

Figure 2. TreeMap Chart Utilized to Group FracFocus Chemical Ingredients
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2.3. PROCESSING AND AGGREGATING EACH CHEMICAL GROUP
Once the 19 chemical groups were created, each group was processed separately to
inspect for duplications in data entry within FracFocus reports. Once duplicate rows were
eliminated, an aggregation function was utilized to add up the chemicals’ mass percentage
for every well based on the unique well API number. It is worth mentioning that for the
same well, the same chemical can be mentioned in several rows with different mass
percentages or the same group of chemicals can contain different ingredients’ names and
CAS-Numbers, yet serve the same purpose (e.g. surfactants). The workflow also inspects
for refracturing operations and assigns a fracturing job number for each well. For example,
if the same well’s API number appears to have two separate fracturing dates and different
chemical components associated with each date, this means that the well has been
refractured and based on how many different report dates available, the well stimulation
treatments will be numbered in ascending order with the primary completion designated as
‘1’ and associated with the first fracturing job start date.
Figure 3 illustrates the data processing workflow to calculate the total mass
percentage of chemicals for a stimulation treatment. There are two output files generated
in this workflow. The first one will report the summed-up mass percentages of all chemical
groups per well and the second one will keep all the original components without adding
the mass percent together. The first file output is used in this study to calculate all the actual
mass and concentrations of all the classified groups while the second file output can be
used to identify the different chemical components and their mass percentages, for example
all the different proppant types and sizes.
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Figure 3. Data Processing Workflow to Aggregate the Total Mass % of Chemical
Ingredients per Well

2.4. CREATING PROCESSED FRACFOCUS DATABASE
Figure 4 shows the steps of building the processed FracFocus database by merging
and combining the 19 chemical groups altogether. The workflow starts by joining the water
and proppant data based on the API number. In this step, the workflow investigates the
well’s API number and joins the data of the water group with the data of the proppant
group. If one well has only proppant and no water data, the data will be held aside into a
separate output, the same is true for the wells with only water and no proppant data. After
combining the water and the proppant data into a new output, the proppant mass in pounds
will be calculated based on the total mass percentage, the water mass percentage, and the
total water volume. As a check, the actual reported proppant mass was compared with
reported proppant mass.

A 98% match indicated the mass percentage aggregating

workflows were setup properly. The other remaining chemical groups were introduced into
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the workflow using union tools which means that only the wells that have a mass
percentage of that particular chemical group will obtain a mass percentage value and the
remaining wells will be assigned a zero value for the lack of that chemical group into the
stimulation fluids recipe. The line break in the workflow diagram represents the entry of
all the remaining chemical groups. Once all the chemical groups were introduced and
matched together, several new columns were introduced to the database by using the
formula options to perform calculations to obtain the mass in pounds for all the chemical
groups as well as the total concentration of the chemicals by dividing the mass of the
material by the liquid phase base fluid volume. Finally, the total hydraulic fracturing
percentage recipe was calculated to compare the accuracy of the process.

Figure 4. Data Processing Workflow Illustrating the Steps of Building the FracFocus
Processed Database
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2.5. ACCURACY SCREENING
After calculating the hydraulic fracturing recipe total mass percent, a screening
criterion was used to select only wells whose total chemical components mass percentage
adds up to the range between 99 % and 101 %. FracFocus on their website disclaimer stated
that the total mass percent of the disclosed chemical may be less than 100% because not
all the non-MSDS materials are required to be disclosed as per some of the states’ policies.
The total mass percent may exceed 100 as some of the chemicals’ mass percentage might
be expressed as its maximum concentration. Figure 5 shows the final selected 82,351 wells
with the total mass percent that adds up to 99-101 % (FracFocus, 2019). Of these total US
well population, 4000 Marcellus wells were identified for study.

Figure 5. Box Plot and Distribution Bars of the Total Mass Percentage of the Hydraulic
Fracturing Total Recipe
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2.6. INTEGRATING FRACFOCUS DATA WITH DRILLINGINFO DATA
The developed FracFocus database was merged with the DrillingInfo database to
generate a comprehensive database that enables comparisons between the stimulation and
completion parameters and their impact on production and well performance. Figure 6
illustrates the data merging workflow where all the screened FracFocus data were matched
by the API number with the DrillingInfo database. The wells in this database are populated
between the years 2012 and 2018. DrillingInfo data has production and completion data
extend prior to the year 2012 but for the sake of this study and to utilize the chemical
registry database, only the wells that are completed after the year 2012 were included.

Figure 6. Data Processing Workflow Merging Final FracFocus Processed Chemical
Database with DrillingInfo Production and Completion Data

2.7. FINAL DATA CLEANING AND OUTLIERS DETECTION
All the data columns in the final merged FracFocus and DrillingInfo were subjected
to outliers’ detection and elimination procedure by utilizing the box plots techniques and
removing all the suspected outliers to prepare the data for rigorous classifications and
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comparisons studies (Alkinani et al., 2018). Figure 7 shows an example of the cleaned
water and proppant data, respectively.

Figure 7. Illustration of JMP Software Utilization to Perform Outliers Detection by
Applying the Concepts of Box Plot and Data Distribution Bars
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2.8. CLASSIFYING STIMULATION TREATMENT FLUIDS
The hydraulic fracturing fluid types were classified as water treatment, gel, crosslinked or hybrid based on the presence of key chemical ingredients: gelling agents, crosslinking agents, and breakers. A formula was integrated into the workflow to perform the
classification based on knowledge of the four fluids types and their application. For
example, the presence of a chemical breaker or a cross-linking chemical would indicate the
fluid was cross-linked. Figure 8 shows the classification workflow with the built-in
conditional statement classification tool.

Figure 8. Data Processing Workflow to Assign Stimulation Fluid Treatment Type for
Each Well Based on the Chemical Ingredients’ Percentage

3. RESULTS AND DISCUSSION

This section discusses the Marcellus wells identified for study, including their
treatment fluid types, completion trends, and the initial production and cumulative recovery
with time for Marcellus wells stimulated with each type of hydraulic fracturing fluid. Box
plots and statistical summaries of production data are also provided.
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3.1. MARCELLUS SHALE DATA COVERAGE
More than 4,000 Marcellus wells completed between 2012 and 2018 have been
included in this study. The data cover most of the Marcellus Shale play across most of the
active counties in Pennsylvania and West Virginia. Figure 9 shows a pie chart with all the
major counties and the percentage of the wells that span across them. Figure 10 shows a
pie chart with the percentage of the four treatment fluid types. As shown, more than 55%
of the Marcellus wells were treated with water fracturing fluids. More than 26% of the
wells were treated with hybrid fracturing fluid, which means that the wells have been
fractured in some stages by water then gel fluid or gel and crossed-linked or any
combination of the treatment fluids. Linear gel was used to treat about 13% of the wells,
and crossed linked fluid were utilized to treat less than 5% of the wells. Figure 11 pictures
a map of the Marcellus area focusing on the wells in Pennsylvania and West Virginia. The
wells are color-coded based on the treatment fluid type, i.e. water wells are colored with
blue, gel with red, crossed-linked gel with dark red, and hybrid wells with purple. Each
state on the map was colored differently to make the border between the states more visible.

Figure 9. Pie Chart of the Counties and the Wells’ Distribution Percentages of the
Studied Area
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Figure 10. Pie Chart of the Stimulation Fluid Type Percentages of the Studied Area

Figure 11. Appalachian Basin Map Showing Stimulated Wells which are Colored Based
on Treatment Type

3.2. TREATMENT FLUID TYPES AND WELL PERFORMANCE IN THE
MARCELLUS SHALE
The primary focus of this work is to investigate Marcellus shale well production
performance as a function of time for the four hydraulic fracturing fluid types. A user-
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friendly dashboard was developed and linked to the database previously described. The
dashboard facilitates creating a wide variety of figures to illustrate well performance as a
function of completion parameters.
Figure 12 shows the average total stimulation fluid volume per well for each
hydraulic fracturing fluid type. To take into consideration the difference in lateral length
between the wells, the stimulation fluid volume was normalized to the perforated lateral
length by dividing the total stimulation volume per well by the lateral length as shown in
Figure 13 This analysis shows that wells treated with hybrid fluid consumed more
stimulation fluid than the other treatment fluid types and the normalized treatment fluid
volume per stimulated length showed that cross-linked gel wells consumed more fluid per
foot in comparison to other types of fluids.
Figure 14 shows the amount of pumped proppants per well for each fluid type.
Wells treated with hybrid fluid type used the highest average proppant pounds per well.
Figure 15 shows proppant load based on the normalized per each foot of perforated lateral
length. In this analysis, water fractured wells consumed more proppant per foot compared
to the other types, whereas cross-linked fluids exhibit the highest proppant load in lb/gallon
as shown in Figure 16 Wells treated with water may exhibit higher normalized proppant
loads because these wells have relatively shorter average lateral length compared to the
wells treated with other fluid types. Figure 17 shows the average perforated lateral length
for all the fluid types in this study. The longest laterals were stimulated with hybrid fluid.
The shortest average perforated lateral length was stimulated with water fracturing.
Figure 18 shows the progression of lateral length increase per time for all the types
of treatment fluids. It also shows that in recent years, water fracs are competing with hybrid
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fluids to stimulated longer laterals. Figure 19 shows the number of completed wells over
time and the corresponding percentage of each fluid type. These results indicate a growing
trend in utilizing more water fracs in the Marcellus shale compared to the other stimulation
fluid types.

Figure 12. Bar Chart Comparing the Marcellus Average Stimulation Fluid Volume Usage
per Well for Different Stimulation Fluid Types

Figure 13. Bar Chart Comparing the Marcellus Average Stimulation Fluid Volume Usage
per Stimulated Foot per Well for Different Stimulation Fluid Types
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Figure 14. Bar Chart Comparing the Marcellus Average Total Proppant Usage per Well
for Different Stimulation Fluid

Figure 15. Bar Chart Comparing the Marcellus Average Total Proppant Usage per
Stimulated Foot per Well for Different Stimulation Fluid Types

Figure 16. Bar Chart Comparing the Marcellus Average Proppant Loading per Well for
Different Stimulation Fluid Types
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Figure 17. Bar Chart Representing the Marcellus Average Perforated Lateral Length for
the Different Types of Stimulation Fluids Between 2012-2017

Figure 18. Bar Chart Representing the Marcellus Average Perforated Lateral Length
between 2012 and 2017 for the Different Types of Stimulation Fluids

Figure 19. Stacked Bar Chart of the Number of Completed Wells over the Recent Years
Colored Based on the Stimulation Fluid Types
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3.3. BOX PLOTS AND STATISTICAL TABLES OF THE MARCELLUS
PRODUCTION DATA
Figure 20 and Figure 21 provide production data distributions using box plots along
with the associated summary statistical table. Each fluid type’s box plot is color coded
based on the type of stimulation fluid. The average value is marked as an x mark on the
box plot. The median value is marked as a white solid line and the first and third quartiles
are marked as dotted lines. The statistical tables shows the count of number of wells per
stimulation type, the average value, median value, the number of outliers, the value of the
first quartile, the value of the third quartile, the value of the first 10% of the data and the
value of the 90% of the data. These boxplots present the final production data from this
study. Figure 20 shows a box plot and statistical table of the cumulative production divided
by the number of produced months in (MCF/month). Figure 21 shows a box plot and
statistical table of the practical IP (MCF/Day).

Figure 20. Box Plot and Statistical Table of Marcellus Cumulative Gas Production per
Total Produced Months
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The box plots and statistical tables of the cumulative gas production for the first
month, first 6 months, first year, two years, and 5 years are presented in Figure 22, Figure
23, Figure 24, Figure 25, and Figure 26, respectively.

Figure 21. Box Plot and Statistical Table of Marcellus Practical Gas Initial Production

Figure 22. Box Plot and Statistical Table of Marcellus First Month Gas Cumulative
Production
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Figure 23. Box Plot and Statistical Table of Marcellus First Six Months Gas Cumulative
Production

Figure 24. Box Plot and Statistical Table of Marcellus First Year Gas Cumulative
Production
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Figure 25. Box Plot and Statistical Table of Marcellus First Two Years Gas Cumulative
Production

Figure 26. Box Plot and Statistical Table of Marcellus Five Years Gas Cumulative
Production
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3.4. COMPARING TREATMENT FLUID TYPES WITH GAS IP, CUMULATIVE
FIRST MONTH, 6 MONTHS, FIRST YEAR, 2 YEARS, AND 5 YEARS GAS
PRODUCTION
Well performance was found to vary between initial producing and longer-term
recovery, for the four hydraulic fracturing fluid types studied. Figure 27 and Figure 28
show comparisons between the four types of treatment fluids for the average initial
production (IP) per well and the average IP per foot per well, respectively. Practical initial
production is measured by dividing the second-month cumulative production by the
number of produced days (MCF/Day). Comparing the treatment fluids showed that hybrid
fluids reflected slightly higher average practical IP than water treatment. Linear and crosslinked gel performed lower than water and hybrid fluids. To eliminate the bias related to
the difference between the lateral length of the stimulated wells, the practical IP data were
divided by the perforated lateral length to be compared with the average production per
perforated and stimulated length. Water treatment showed the highest productivity per
stimulated foot followed by hybrid, then linear gel and finally crossed-linked gel. Figure
29 shows the average cumulative first-month production in Marcellus wells and Figure 30
shows the average first-month cumulative gas production per perforated foot in Marcellus.
The cumulative 6 months gas and 6 months gas/ft are represented in Figure 31 and Figure
32, respectively. The average first year, two years and five years cumulative gas production
of the Marcellus wells are shown in Figure 33, Figure 34 and Figure 35, respectively. The
average cumulative gas per perforated length (MCF/Ft) for the Marcellus first year, two
years and five years are presented in Figure 36, Figure 37, and Figure 38, respectively.
Figure 39 shows the cumulative gas production divided by the number of produced wells
for the wells completed after the year 2017.
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In all presented production cases, water fractured wells in the Marcellus
outperformed the other types of stimulation fluid. This is especially evident when the
average production is normalized to the perforated lateral length.

Figure 27. Bar Chart Comparing the Marcellus Average Practical IP for Different
Stimulation Fluid Types

Figure 28. Bar Chart Comparing the Marcellus Average Practical IP per Stimulated Foot
for Different Stimulation Fluid Types
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Figure 29. Bar Chart Comparing the Marcellus Average First Month Cumulative Gas for
Different Stimulation Fluid Types

Figure 30. Bar Chart Comparing the Marcellus Average First Month Cumulative Gas per
Stimulated Foot for Different Stimulation Fluid Types

Figure 31. Bar Chart Comparing the Marcellus Average Six Months Cumulative Gas for
Different Stimulation Fluid Types
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Figure 32. Bar Chart Comparing the Marcellus Average Six Months Cumulative Gas per
Stimulated Foot for Different Stimulation Fluid Types

Figure 33. Bar Chart Comparing the Marcellus Average First Year Cumulative Gas for
Different Stimulation Fluid Types

Figure 34. Bar Chart Comparing the Marcellus Average Two Years Cumulative Gas for
Different Stimulation Fluid Types
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Figure 35. Bar Chart Comparing the Marcellus Average Five Years Cumulative Gas for
Different Stimulation Fluid Types

Figure 36. Bar Chart Comparing the Marcellus Average First Year Cumulative Gas per
Stimulated Foot for Different Stimulation Fluid Types

Figure 37. Bar Chart Comparing the Marcellus Average Two Years Cumulative Gas per
Stimulated Foot for Different Stimulation Fluid Types

40

Figure 38. Bar Chart Comparing the Marcellus Average Five Years Cumulative Gas per
Stimulated Foot for Different Stimulation Fluid Types

Figure 39. Bar Chart Comparing the Marcellus Average 2017 Cumulative Gas per
Number of Produced Months for Different Stimulation Fluid Types

3.5. COMPARING THE EFFECT OF STIMULATION PARAMETERS WITH
AVERAGE GAS PRODUCTION
Figure 40 through Figure 45 show average proppant mass per perforated lateral
length and average water volume per perforated lateral length versus the cumulative gas
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production per perforated lateral length for the first year, 2 years and 5 years, respectively.
Within each of these figures, the blue bar charts represent the average proppant mass per
foot (Lbs/Ft) and the green chart represents the average water volume per foot (Gal/Ft).
The solid black line chart represents the average cumulative production per foot (MCF/ft).
This analysis indicates, Marcellus water fracs result in higher cumulative recovery
compared to other hydraulic fracturing fluid types. Water fracs used relatively more
proppant per foot compared to cross-linked gel but produced 75% incremental cumulative
gas production within 2 years and more than double the production of cross-linked fluids
at 5 years cumulative recovery. Water fracs used the least amount of water per stimulated
foot with respect to all of the four treatment fluid types while performed the best in terms
of short and long-term cumulative production.

Figure 40. Combined Bar and Line Charts Comparing the Marcellus Average Pumped
Proppant Mass per Foot and the First Year Cumulative Gas Production per Stimulated
Length for each Stimulation Fluid Type
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Figure 41. Combined Bar and Line Charts Comparing the Marcellus Average Pumped
Stimulation Base Fluid per Foot and the First Year Cumulative Gas Production per
Stimulated Length for each Stimulation Fluid Type

Figure 42. Combined Bar and Line Charts Comparing the Marcellus Average Pumped
Proppant Mass per Foot and the Two Years Cumulative Gas Production per Stimulated
Length for each Stimulation Fluid Type
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Figure 43. Combined Bar and Line Charts Comparing the Marcellus Average Pumped
Stimulation Base Fluid per Foot and the Two Years Cumulative Gas Production per
Stimulated Length for each Stimulation Fluid Type

Figure 44. Combined Bar and Line Charts Comparing the Marcellus Average Pumped
Proppant Mass per Foot and the Five Years Cumulative Gas Production per Stimulated
Length for each Stimulation Fluid Type
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Figure 45. Combined Bar and Line Charts Comparing the Marcellus Average Pumped
Stimulation Base Fluid per Foot and the Five Years Cumulative Gas Production per
Stimulated Length for each Stimulation Fluid Type

4. CONCLUSIONS

In this study, chemical data from FracFocus were combined with well completion
and production data from DrillingInfo, to create a robust database for investigating
Marcellus well production as a function of hydraulic fracturing fluid type.
The main conclusions of this study were summarized in the following points:


FracFocus chemical registry is a valuable source of hydraulic fracturing fluid,
chemical and proppant data for wells stimulated after 2012. The data are available
for download to Excel. The raw data must be reformatted for practical use, which
may require some fundamental understanding of hydraulic fracturing treatments.
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This study provides detailed methodologies to utilize and process FracFocus public
chemical registry database of stimulated wells in the United States. The workflows
include raw data manipulation, grouping chemicals, calculating and verifying wells
mass percent treatments, and merging final FracFocus data with DrillingInfo.



Marcellus completions vary as a function of hydraulic fracturing fluid used. The
greatest average treatment fluid volume and proppant are associated with hybrid
fluid treatments.



When normalized for lateral length, water frac treatments exhibited the highest
average proppant load per ft/well. Cross-linked fracturing fluids used the highest
average fluid volume/ft/well.



The wells treated with water fracs had slightly shorter lateral length than other types
of treatment fluids while hybrid fracs were associated with the longest lateral
length.



Hybrid fluid fracs showed slightly higher average practical IP than water
treatments. Average 2-year cumulative recovery for hybrid fluids are slightly
higher than water frac treatments.



Water fractured Marcellus wells 5-year cumulative gas production significantly
exceeds other fracturing fluid treatments. Data suggests an increasing number of
Marcellus water fracs with time over the period of study.
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ABSTRACT

Harnessing the power of predictive statistical modeling and advanced machine
learning techniques to evaluate and assess the impact of various well completion and
stimulation parameters on the wells’ production performance have become one of the
recent growing interest in the oil and gas industry and especially in the development of the
unconventional resources. The main objective of this study is to utilize the partial least
square (PLS), a machine learning technique, to create predictive models to evaluate the
impact of several well completion parameters such as lateral length and gross perforated
interval coupled with different stimulation parameters such as the total pumped water and
sand volumes in addition to the concentrations of different stimulation additives. The
completion and stimulation parameters will be used as a predictor variable to the short- and
long-term gas production in the Marcellus shale play. Another outcome from this study is
to gain insights about the relationship between those parameters and the wells production
in order to optimize the future designs of those wells. Data of more than 2700 wells were
utilized from two sources, the stimulation parameters were gathered from FracFocus
website and the well completion and production data were gathered from DrillingInfo
database. Three production predictive models were presented in the form of mathematical
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functions that were created based on the wells’ data which can be considered as the training
dataset. Unlike many other prediction modeling approaches, this study applies cross
validation procedures to assure the reliability of the constructed prediction models.

1. INTRODUCTION

The recent breakthrough in the development of the unconventional resources has
served as the main attributor behind the surge in the oil and gas production in the United
States. Unlike conventional resources, the source rock which is usually organic-rich
formations has become the target for production. Unfortunately, most of those resources
suffer from extremely low permeability and require hydraulic fracturing stimulation to
create flow paths and allow the hydrocarbons to be produced. Nowadays, most of the
hydraulically fractured wells are also drilled horizontally to allow more exposure to the
targeted formation. One of the most challenging and difficult tasks is to simulate the
unconventional reservoirs and create accurate reservoir models. The reason behind the
stimulation difficulty is that any proposed model must encounter many of the complex flow
features in addition to the physical and chemical interactions. A good reservoir model must
accommodate the following functions: adsorption and desorption, turbulent flow in nanoscale pores, flow behavior in induced and natural fractures, overall stress effects on the
proppant and the created fractures, the effects of stimulation chemical residues and their
damaging skin effects, etc.
During the past few years, there has been a shift in the research area in the oil and
gas industry towards a more attractive alternative of using data-driven statistical
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approaches to understand the reservoir performance and utilize it in optimizing the
production in the unconventional reservoirs. Mining the data and applying several
statistical and visualization techniques to investigate insights into any system performance
and to discover important patterns and trends have been used earlier by other industries
such as health care and environmental applications (Hastie et al., 2001). There are two
types of predictive modeling techniques: supervised and unsupervised. Unlike the
unsupervised learning techniques, the outcome variable is predicted using the number of
variables called the predictors or the input variables and the dataset is usually divided into
two segments: training and testing. The training dataset is used to build the model by
utilizing regression, neural networks, support vector machine, decision trees, etc.
Unsupervised learning is referred to the other forms of statistical and data-driven analysis
that are applied to simply investigate patterns in different input variables or to determine
the structure of the data and their clusters by utilizing cluster analysis, mapping, and
principal component analysis (Schuetter et al, 2015).
In this paper, a supervised PLS model is used to predict short and long-term
production based on completion and stimulation variables.

2. LARGE DATA UTILIZATION AND STATISTICAL MODELING
LITERATURE

In the fast development of the unconventional oil and gas industry, many companies
employ the power of big data and data-driven statistical modeling to determine the latent
correlations between the geological and engineering parameters, and which of those
parameters have the most effect on the initial and long-term production performance.
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Predictive modeling is the approach of building mathematical or algorithmic models to
produce accurate predictions. The model usually consists of one variable known as the
response or the output and one or more independent variables known as the predictors.
Predictive modeling is not only used to detect a pattern within the data and to quantify the
response based on the predictors, but also used to create a model that is capable of
quantifying outcomes based on future assumed values (Khun and Johnson, 2013). It must
be mentioned that statistical approaches should not be considered as a replacement for
intuition and field experience. It can be used as a supplemental to the experience and helps
in decision making.
Khun and Johnson (2013) highlighted that no matter how widely the predictive
models are used, the models at some point will fail to provide accurate predictions. To
avoid the pitfalls of models inaccuracy, 1) the data should go through rigorous quality
control and pre-processing techniques, 2) the models should be validated, 3) use the model
within its scope of application 4) use the model within the data range that the model was
originally built from to avoid excessive extrapolation, 5) select the appropriate number of
the influencing factors to prevent the model from being overfitted to the data, 6) pay
attention to data dependence on time and location (Harris, 2014).
The utilization of data analysis in enhanced oil recovery (EOR) and drilling
application has been discussed by the following studies: (Al-Dhafeeri et al., 2005) (Alvardo
et al., 2008), (Baker et al., 2012), (Aldhaheri et al., 2016), (Leite Cristofaro et al., 2017),
(Hegde et al., 2015) and (Wallace et al., 2015)
Many studies in the literature discussed some simple linear regression models and
tried to model some of the completion variables and their relationship to production. Other
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studies focused on using the approach of random forests and gradient boosting machine
which are decision tree methods (Lolon et al., 2016). The random forest models are built
by creating a collection of several uncorrelated regression trees (Hastie & Tibahirani, 2008)
(Wilson, 2015).
Several studies have utilized the applications of data mining in the assessment of
unconventional resources. LaFollette and Holcomb (2011) documented a study from the
Barnett shale in north Texas. They have used wells’ architecture data to find and explain
hidden trends that are not visible using simple scatter plots by combining geographical
information system (GIS) pattern recognition with traditional statistical techniques.
Gong et al. (2011) used the Markov-chain Monte Carlo simulation (MCMC) to
quantify the uncertainty in reserve in a probabilistic decline curve analysis method. The
presented approach resulted in limited use of discrete P10, P50, and P90 production
forecast which did not match or came close to the actual production data.
Bhattacharya et al. (2013) utilized data-driven deterministic model called
classification and regression tree (CART) techniques to investigate the possibility of
finding patterns in significant input variables that affect the values of hydraulic fracturing
job pause time (JPT) in certain regions in an effort to identify the variables that cause
proppant screenout. The model prediction capability in this study was enhanced by using
normal score transform (NST) and by dividing the dataset into smaller groups by using
clustering.
Mohaghegh (2013) presented a method for asset management by utilizing advanced
data-driven and predictive analytics. In this webinar presentation, the author talked about
the applications of advanced data-driven analytics in providing many insights in hydraulic
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fracturing applications in unconventional formations. Mohaghegh (2013) also highlighted
the facts that this type of techniques utilizes “Hard Data”. Hard data referred to variables
that are obtained from field measurements such as type and amount of hydraulic fracturing
fluids, proppant, chemicals, break down pressure, instantaneous shut-in pressure (ISIP),
closure pressure, etc. While soft data referred to the variables that inferred or estimated
without directly measuring them such as fracture half-length, fracture height and width,
conductivity, etc.
Gupta et al. (2014) discussed an alternative method to reservoir simulation and
history matching in the unconventional reservoirs by utilizing data mining and time series
analysis to forecast production. This paper used the neural network techniques (NN) to
predict the future production performance of gas wells in shale formations based on the
historical production data from previous years. This study also used time series analysis to
detect trends in the rate of decline which is similar to the techniques used in stock markets
to predict the stock ticks.
Esmaili and Mohaghegh (2014) presented a novel approach to model and history
match gas production in the Marcellus shale using advanced data mining, machine
learning, and pattern recognition techniques. They incorporated the use of hard data such
as production data, well logs, completion, and stimulation data to guide the model and
determine its behavior.
Fulford et al. (2015) expanded the work of Gong et al. (2011) and presented a
machine learning study to predict production in liquid-rich unconventional shale wells.
Fulford et al. (2015) utilized transient hyperbolic model (THM) to reflect the different flow
regime existing in the unconventional shale wells. They also increased the accuracy of
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discrete forecasts by constructing type curves from the analyzed wells and modified the
likelihood forecasts.
Schuetter et al. (2015) used data analytics for production optimization in
unconventional reservoirs. The paper discussed issues on how to build a good predictive
model and showed a systematic approach on how to decide on the well’s good from a bad
performance. The study focused on data from the Wolfcamp shale in the Permian Basin.
The statistical approach in this study was mainly focused on building predictive models for
production using simple regression and some advanced methods such as random forests,
support vector regression, gradient boosting machine and multidimensional kriging. The
decision tree approach was used to provide useful insights into the most influential
variables on production performance.
Al-Hameedi et al. (2018) utilized PLS techniques to predict lost circulation
volumes, ECD, and penetration rate (ROP). They used large dataset of drilling parameters
to construct their loss circulation prediction model and compared the new model to
previously developed models.

3. MODELING STIMULATION AND COMPLETION PARAMETERS IN THE
MARCELLUS SHALE PLAY

Gathering and analyzing large data by utilizing the public domains and the available
commercial databases have become a trendy and fruitful research topic in the area of
hydraulic fracturing. The importance of the topic has gain popularity due to the vast amount
of data that are being generated and recorded every day in every aspect and phase of the
oil and gas wells’ lifecycle. Harnessing the power of big data analysis techniques helps in
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grasping knowledge and insights into the relationships between parameters and general
trends of different aspects of any process to optimize future performance.
In this paper, a newly developed model is introduced to investigate the Marcellus
shale gas wells production performance based on the stimulation and completion
parameters. The model investigates parameters such as completed lateral length, volume
of pumped sand (proppant), the total pumped stimulation fluid (water), the concentration
of the following additives: friction reducer, biocides, acid, clay control, scale inhibitor,
corrosion inhibitor, and iron control. Those parameters were used to predict the initial
production, the first 12, and 24 months of gas cumulative production within the Marcellus
shale play.
Data from over 2700 horizontal wells form the Marcellus shale were utilized in this
study, two sources of data were gathered, filtered, and combined to be used in building the
prediction models. The first source of data was from data mining FracFocus chemicals
disclosure registry website. The FracFocus data were gathered and then processed through
a series of data workflows to extract accurate data of the amount and the concentration of
all the chemicals that have been used in stimulating every well. The second source of data
was from DrillingInfo database where the completion and production data were gathered.
Then, the two data sources were combined and some parameters were normalized to help
in presenting more accurate prediction models. Most data were utilized in training the
proposed models, the models were also tested with an independent dataset that has not been
used in creating the models.
The main goal of this new procedure was to use an advanced machine learning
algorithm by utilizing the partial least square (PLS) regression techniques to estimate the
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potential initial production and longer-term production of gas wells in the Marcellus play
before completing and stimulating the future wells. These performance prediction models
will enable operators in the area to selectively choose the best completion and stimulation
parameters that will yield the best cumulative gas production based on the history of the
previously treated wells’ performance.

4. PARTIAL LEAST SQUARE (PLS) REGRESSION ALGORITHM

The Principal component analysis which is usually referred as (PCA) is one of the
unsupervised learning methods in the artificial intelligence applications. PCA is one of the
common approaches that are utilized to infer low dimensional features from a large dataset
with many investigated variables. To simply put it, PCA is mainly considered as a
mathematical approach that changes a group of correlated variables to a smaller group of
uncorrelated variables that is referred as principal components. In PCP, the X-variables
represent the predictor variables and the y-variables represent the response variables
(output). The data variability is honored within the PCA techniques, most of the variability
of the predictors are represented in the first principal component. This approach is
classified as unsupervised method because the response variables are not used in
identifying the principal components. The unsupervised learning techniques cannot be
tested within the model to determine the reliability in predicting the output variable within
acceptable margin of errors. However, the supervised methods such as partial least square
(PLS) allows the analyst to test the model with testing data from the predictors variables
that have never been used during the model creation. PLS is considered as the supervised
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alternative method to the unsupervised PCA method. PLS method generate a number of
inherent factors which express the combination linearity in the dataset. After the number
of inherent factors are computed, the least squares method will be used to present a fitted
model. One of the major differences between PCA and PLS is that the latter determines the
newly generated latent factors in a manner that is considered to be supervised that
distinguish both the predictor (X-variables) and the response (Y-variable). As it is
explained by (James et al., 2013), PLS uses x and y variables to determine optimum
direction which best demonstrate variability of x-variables while distinguishing y-variable.
Due to the PLS high efficiency in dealing with large datasets with many variables which
may possess collinearity and due to the recommendations in the literature to use this
technique in the oil and gas industry applications (Tuffery, 2011), this method was chosen
from other regression techniques to be implemented in this study.
To start with the PLS, the analyst should make sure that the regression algorithm
data are centered and scaled. This requires that the predictors and the response must have
a standard deviation equal one and a mean value of zero. The mean value of the variable
and its variation are engaged in creating the generated latent factors, hence centering the
data is very important to the successes of this method. When the variables are centered,
this will mean that the change of standard deviation of one x-variable will be equivalent to
the change of standard deviation of another x-variable. To demonstrate the interaction term
and its calculation, assume X1 and X2 are two predictors variables and the interaction term
(IT) can be calculated using the following Eq. (1) (SAS, 2008).
𝐼𝑇 = (

𝑋1 − 𝑚𝑒𝑎𝑛 (𝑋1 )
𝑋2 − 𝑚𝑒𝑎𝑛 (𝑋2 )
)∗(
)
𝑆𝑇𝐷(𝑋1 )
𝑆𝑇𝐷(𝑋2 )

(1)
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Non-linear iterative partial least square (NIPALS) is one of the popular algorithms
in PLS. It functions by taking one factor at a time. Assume X=Xo as the x-variable matrix
which is scaled and centered. Also assume Y=Yo as the y-variable matrix which is scaled
and centered. A linear combination of the predictors will be created and represented as: t=
Xo.w, t and w are defined as score vector and its associated weight vector respectively.
Eq. (2) and Eq. (3) show how the PLS is predicting Xo and Yo using t regression.
̂𝑜 = 𝑡𝑝́ , Where 𝑝́ = (𝑡́𝑡)−1 𝑡́ 𝑋𝑜
𝑋

(2)

̂o = tć , where 𝑐́ = (𝑡́𝑡)−1 𝑡́ 𝑌𝑜
Y

(3)

The c vector is called the Y-loading and p vector is called X-loading. The term t=Xo.w will
be utilized to maximize t ́ 𝑢 (covariance) with a combination of output (response) variable
u=Yo.q. Also, first eigenvectors of X́o Yo Ýo Xo andÝo Xo X́o Yo are proportional to w, q, xweight, y-weight. The previous steps show how to get the first latent factor. Similarly, the
second latent factor can be obtained by replacing Xo with X-residual and Yo with Yresidual of first latent factor as indicated in Eq. (4) and (5). Score vectors are obtained in
the same process and repeated for the desired number of latent factors.
̂𝑜
𝑋1 = 𝑋𝑜 − 𝑋

(4)

𝑌1 = 𝑌𝑜 − 𝑌̂𝑜

(5)

4.1. CROSS VALIDATION
In order to confirm the number of the latent factors to be used in the model, a crossvalidation process must be applied on all the computed latent factors. The selected number
of latent factors must satisfy the following two requirements: 1) to aim on capturing the
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variation in the response variables while honoring the predictive parameter; 2) to avoid
model overfitting. Scores plots and root mean of the predicted residual sum of squares
(PRESS) are used to perform cross-validation. Figure 1 shows PRESS finding process for
specific number of factors.

Figure 1. The Process of Determining the Root Mean of PRESS

4.2. VARIABLES IMPORTANCE IN PROJECTION
In any prediction analysis, one of the most important steps is to decide and select
the response variables that greatly affects the prediction model from the variables of
minimal importance and to be eliminated from the model. In PLS algorithm, this can be
achieved by utilizing the variable importance in projection (VIP). VIP is generated for each
x-variable and a cutoff limit must be agreed on to be used as a threshold value to eliminate
the variables that are deemed to be below the cutoff value. As referenced by Eriksson et al,
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a cutoff of 0.8 is generally regarded as a low value, therefore, variables with less than 0.8
VIP would be dropped as referenced by (Eriksson et al, 2006).
For any y-variable (j1, j2… jn) The VIP calculation for each predictor is
demonstrated in Eq. (6).
𝐴

2

𝐴

𝑉𝐼𝑃𝑗 = √𝑑 ∑ 𝑣𝑘 (𝑤𝑘𝑗 ) / ∑ 𝑣𝑘
𝑘=1

(6)

𝑘=1

Where d and A are the number of variables, and the number of latent factors
respectively, vk is the variance of X and can be calculated in Eq. (7):
𝑣𝑘 = 𝑐𝑘 2 𝑡́𝑘 𝑡𝑘

(7)

Where Ck is determined for every vector of t score and the predicted y as shown in
Eq. (8):
𝑐𝑘 =

𝑡́𝑘 𝑦(𝑘)
𝑡́𝑘 𝑡𝑘

(7)

Figure 2 is a summary flowchart of the PLS algorithm (Al-Hameedi et al., 2018).
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Figure 2. PLS Algorithm Summary (Al-Hameedi et al., 2018)

5. APPROACH

There is a large number of different completion and stimulation parameters that
affect the production performance of gas wells in the Marcellus. Those parameters often
have complex interrelationship among each other. The operators and engineers are often
challenged to decide the optimum value for each parameter in the effort to optimize the
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overall well performance and get more return for the invested capital. The purpose of this
study is to develop advanced regression models to estimate the initial production of gas
wells as well as the first 12, and 24 months of cumulative gas production using machine
learning techniques. The developed models were also tested with a new dataset of
parameters to test the reliability of the models in estimating production based on the
completion and stimulation parameters.
The first step in this research was to build a comprehensive database that combines
the chemical data, the volume of the pumped fracturing fluids, and proppant mass.
Fracfocus website and DrillingInfo for production and completion databases were selected
to be the major two sources to be downloaded and merged. Figure 3 illustrates the merging
of the databases workflow.
FracFocus chemical disclosure registry provides public disclosure of hydraulic
fracturing chemical additives used in hydraulically fractured wells in the United States. As
of April 2019, more than 127700 wells are available on the FracFocus website. The website
is designed to provide the public with a pdf downloadable document that lists the main well
identification headers such as the well name, state, county, API number, operator name,
the geographic coordinates, production type, the true vertical depth, and the total volume
of water used in the well. The second part of the well document on FracFocus is a list of
all the chemical components identified by trade name, supplier name, the purpose of use,
chemical ingredients of the component, the concentration of the added component and the
maximum ingredient concentration in the hydraulic fracturing fluid (% by mass). To search
for any well on FracFocus website, there are two options: search by map or standard search.
In standard search you can choose to filter and narrow down the search by selecting state
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name, county name, operator name, job submission exact date or a date range, API number,
and well name. If the well API number or the well name is known, the search will render
one pdf file related to the exact well name, if not, then the search will render a list of pdf
files for all the wells within the search-specified parameters. Using the document provided
by FracFocus is mainly intended for transparency and the public’s education. The direct
use of these individual documents for the purpose of reflecting trends and performing
analysis is not possible without sourcing the database and aggregate the chemical
components by its summed-up value for each well.
FracFocus website is hosted by the Ground Water Protection Council (GWPC) and
the Interstate Oil and Gas Compact Commission (IOGCC). It is sponsored by the oil and
gas industry. It was launched during the second quarter of 2011 and the disclosure by the
industry was voluntary. Once the FracFocus was implemented, more companies started to
submit the disclosure reports. Several states adopted laws and regulations requiring
operators to submit the chemical disclosure of each newly fractured wells to the registry.
As of today, 26 states require all operators to report to FracFocus registry. Some states
require the operators to report the hydraulic fracturing data to state agencies and the
submission to FracFocus is optional.
A proper analysis of FracFocus information is not an easy objective and requires
considerably more efforts. As in every big data set and especially in FracFocus, many
sources of errors are encountered. The data extracted from FracFocus is subjected to human
errors and typos or can happen by simply putting information in the wrong box as a data
entry error. There are some limitations to the database, examples of that would be the %
mass of the additives are expressed in the maximum concentration and the total % mass of
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the whole ingredients percentage may exceed 100%, also the total sometimes will be less
than 100% due to the absence of non MSDS ingredients which may or may not be listed
depending upon state reporting requirements (FracFocus, 2019). One of the challenges in
gathering the data of the chemicals for the purpose of identifying the hydraulic fracturing
fluids’ components, is that for the same chemical you might find several different names
that each service company uses differently as well as different trade names, e.g., Ethylene
Glycol a chemical used as a non-emulsifier has different names in the registry such as
Ethylene alcohol, Tescol, HOCH2CH2OH, Dowtherm SR, Monoethylene glycol,
Macrogol 400 BPC, etc. Using multi-name makes the utilization of search by name for the
chemical components difficult task. The best way to search and classify the chemicals is to
search by the Chemical Registry Abstract Number (CAS-Number) which standardizes the
chemicals name by a special number. Using the CAS website can help in bringing more
detailed information about the chemical components and serve as a material safety data
sheet (MSDS). Employing CAS-Number to extract data should be done carefully by crosschecking the data with other related columns before properly labeling. CAS-Number in the
database is not always entered properly and any typos or data entry error would change the
assigned group during the data extraction process.
DrillingInfo is a commercial database that provides drilling and completion data in
addition to many other services. For this study, a list of wells that were drilled and
completed between 2010 and 2018 was download and then matched with the wells list
generated from FracFocus. For each well in DrillingInfo, a list of several variables was
generated. An example of the data includes the following: well name, API number, lease
number, operator name, field name, state and county name, longitude, latitude, spud date,
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completion date, initial production, second month production, first 6, 12, 24, and 60 months
of productions, lateral length, perforated intervals.
To perform this study, more than 2700 horizontal wells from the Marcellus shale
play that have been drilled and completed between 2011 and 2018 were gathered and
prepared to provide the necessary production, completion, and stimulation parameters to
generate production prediction models.

Figure 3. Workflow Combining FracFocus and DrillinInfo Data into One File

6. RESULTS AND DISCUSSION

In this section, three models were developed to predict the initial production of gas
(IP), 12 months cumulative gas production (MCF), and 24 months cumulative gas
production (MCF) for the Marcellus shale play. The initial production (IP) data were
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calculated in terms of practical IP (MCF/day) by taking the second month’s cumulative
production and divides it by the number of produced days in that month in order to get the
first full month of production. The predictors were the following parameters: Total Base
Water Volume in Gal (W.V), Proppant Mass in lbs (P.M), Lateral Perforated Length in ft
(L.L), Biocide Concentration in ppg (Bio), Clay Control Concentration in ppg (C.C),
Corrosion Inhibitor Concentration in ppg (C.I), Friction Reducer Concentration in ppg
(F.R), Iron Control Concentration in ppg (I.C), Scale Inhibitor Concentration in ppg (S.I),
and Surfactants Concentration in ppg (Surf).
6.1. PRACTICAL IP MODEL
Figure 4 shows the root mean of PRESS with the number of latent factors. The
number of latent factors that minimize the root mean of PRESS is 5. Figure 5 shows the
score plots for the five latent factors. By inspecting Figure 5, all score plots have trends.
Thus, all latent factors are necessary and should be included in the model

Figure 4. Root Mean of PRESS for All Factors
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Figure 5. Score Plots of All Latent Factors
Figure 6 and Figure 7 show the percentage of variation explained by each factor for
y and X-variables, respectively. As can be seen from Figure 7, all factors are contributing
to the explanation of the variability in the X-variables. Also, Figure 7 shows that factor 5
is tremendously contributing to the variability of the total base water volume. Based on
Figure 6, factors 1 and 2 contribute about 80 % to the variability of y variable. Thus, factors
3-5 are only contributing to the variability of X-variables.
Figure 8 shows the predicted and actual practical IP. The R-squared of this model
is 0.86. Figure 9 shows the residual plot of the practical IP model. The residual plot is a
diagnostic plot utilized to validate the created model. The points in the residual plot have
to be randomly distributed with no trends, any trend in the residual plot indicates the model
is not valid. Since there is no trend in the residual plot, the model is said to be valid. Figure

68
9 showed no trend is observed in the residual plot. Thus, the model is valid. Eq. (9) can be
used to estimate practical IP for the Marcellus shale gas wells.

Figure 6. Variation Explained by each Factor for Y Variable

Figure 7. Variation Explained by each Factor for X-Variables
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Gas IP (MCF/day) = - 290.9364 - 3539.3907 * Bio - 2413.2584 * C.C +
3429.3187 C.I + 7813.3781* F.R – 2233.7530 * I.C + 0.1583 * L.L +
0.0000882843 * P.M + 2924.7865 * S.I + 1283.9070 * S.C +
0.0000743278 * W.V

Figure 8. Predicted and Actual Practical IP Model

Figure 9. Residual Plot of Practical IP Model

(9)
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6.2. 12 MONTHS CUMULATIVE PRODUCTION MODEL
Figure 10 shows the root mean of PRESS with the number of latent factors. The
number of latent factors that minimize the root mean of PRESS is 2. Figure 11 shows the
score plots for the two latent factors. By inspecting Figure 11, all score plots have trends.
Thus, all latent factors are necessary and should be included in the model.

Figure 10. Root Mean of PRESS for All Factors

Figure 11. Score Plots of All Latent Factors
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Figure 12 and Figure 13 show the percentage of variation explained by each factor
for y and X-variables, respectively. As can be seen from those figures, all factors are
contributing to the explanation of the variability in the X-variables and y variable.

Figure 12. Variation Explained by each Factor for Y Variable

Figure 13. Variation Explained by each Factor for X-Variables
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Figure 14 shows the predicted and actual first 12 months of production. The Rsquared of this model is 0.84. Figure 15 shows the residual plot of the first 12 months of
production, no trend is observed in the residual plot. Thus, the model is valid. Eq. (10) can
be used to estimate the first 12 months of production.

Figure 14. Predicted and Actual First 12 Months Production Model

Figure 15. Residual Plot of First 12 Months Production Model

73
12 Months Cumulative (MCF) = 189227.9753 - 211896.6315 * Bio +
86665.8332 * C.C + 245532.2476 * C.I – 93087.5674 * F.R +
117695.0319 * I.C + 3.9562 * L.L + 0.00232897 * P.M – 69179.3296 * S.I

(10)

- 107287.0095 * Surf + 0.00966696 W.V
6.3. 24 MONTHS CUMULATIVE PRODUCTION MODEL
Figure 16 shows the root mean of PRESS with the number of latent factors. The
number of latent factors that minimize the root mean of PRESS is 4. Figure 17 shows the
score plots for all latent factors. By inspecting Figure 17, all score plots have trends. Thus,
all latent factors are necessary and should be included in the model.

Figure 16. Root Mean of PRESS for All Factors
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Figure 17. Score Plots of All Latent Factors
Figure 18 and Figure 19 show the percentage of variation explained by each factor
for x-variables and y, respectively. As can be seen from Figure 18, all factors are
contributing to the explanation of the variability in the X-variables. Also, Figure 18 shows
that the factor 4 is tremendously contributing to the variability of the biocide concentration.
Based on Figure 19, factors 1, 2, and 3 contribute about 80 % to the variability of y variable.
Thus, factors 4 is mainly contributing to the variability of X-variables.

Figure 18. Variation Explained by each Factor for X-Variables
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Figure 19. Variation Explained by each Factor for – Variable
Figure 20 shows the predicted and actual first 24 months of production. The Rsquared of this model is 0.85. Figure 21 shows the residual plot of the first 24 months of
production, no trend is observed in the residual plot. Hence, the model is valid. Eq. (11)
can be used to estimate the first 24 months of production.

Figure 20. Predicted and Actual 24 Months Production Model
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Figure 21. Residual Plot of 24 Months Production Model

24 Months Cumulative (MCF) = 843267.9223 - 707348.6493 * Bio –
282003.2427 * C.C – 633185.7206 * C.I – 1033832.082 * F.R. +
870451.6125 * I.C + 9.31861 * L.L + 0.0053218177 * P.M +

(11)

134326.32181 * S.I + 76864.074062 * S.I + 0.0094119918 * W.V

7. MODELS VERIFICATION AND TESTING

The three models developed in this study were tested on new data of 15 wells (data
not used in creating the models). Figures 22, 23, and 24 show the predicted and the actual
production of practical IP, 12 months production, 24 months production, respectively. A
strong correlation between the actual and the predicted data for all models can be observed
(the data closely overlap with the black 45 degrees line). Therefore, the models are valid
and can be used to predict practical IP, 12 months production, and 24 months production.
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Figure 22. Actual and Predicted IP Model Testing

Figure 23. Actual and Predicted 12 Months Model Testing
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Figure 24. Actual and Predicted 24 Months Model Testing

8. CONCLUSIONS

This paper presents production predictive models by using data-driven statistical
analysis of more than 2700 horizontal gas wells in the Marcellus shale. This work
demonstrates the application of advanced techniques to develop mathematical models to
estimate the IP (MCF/day) of wells, 12 and 24 months of cumulative gas production for
wells in the Marcellus.
Those three developed models can be used by operators and completion engineers
to estimate the well productivity based on the predictor parameters prior to drill and
complete the proposed wells. Based on the desired production optimization and economics,
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the completion and stimulation parameters can be tweaked to match the optimized
production. The main conclusions of this study are the following:


Three advanced statistical models were developed using PLS approach to predict
the initial production rate and the first and second years of cumulative gas
production in the Marcellus shale area.



The PLS approach has never been applied to predict production in the
unconventional plays. All of the three developed models showed a very good
correlation with the actual data with R2 value ranging from 0.84 to 0.86.



Using the PLS technique will enhance the prediction of gas production.



Selecting the optimum number of latent factors is very important part in the PLS
method and requires careful inspection of the root mean of PRESS plot, the scores
plots, and the percent variations of y and x plots.



The three models developed in this study were tested on new data of 15 wells and
proved their ability to predict IP, 12 months of production, and 24 months of
production within an acceptable range of error.
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ABSTRACT

The hydraulic fracturing designs, drilling, and completion trends are undergoing
continuous change as the oil and gas industry pushing the boundaries of the traditional
designs to increase wells productivity and meet the energy demand. The lateral length in
addition to the amount of proppant and water used in well stimulation have witnessed a
paradigm shift over the past few years. This paper represents a large-scale descriptive
analysis of the stimulation and completion trends in the Permian Basin between the first
quarter of 2013 and the second quarter of 2018. The aim of this analysis is to shed a light
on the trends in completion and stimulation and to show the statistical values of each
parameter over the studied period. The data sources have been compiled from two sources.
FracFocus is the first source for stimulation parameters. It is publically accessible but needs
rigorous data processing to render useable parameters to be integrated in this study. The
second data source is DrillingInfo which is a commercial database. The completion and
production data in this study were obtained from there and integrated with the FracFocus
data. The compiled data base for the Permian Basin has more than 15,000 wells covers the
Midland, Delaware, and the Central Basin Platform. Analyzing the trends in the presented
visualizations elucidate an obvious growing trend over time in the amount of stimulation
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proppant and water. The overall trends of stimulation and completion in the Permian Basin
are presented here in addition to the trends in pad drilling and how the density of the wells
in a single pad site has been increasing over the past few years. Large data set utilization
will demonstrate a sensible and comprehensive representation of the trends in the studied
area. This work will give the readers an established baseline and will serve as a reference
point to many of the completion and stimulation parameters by comparing the statistical
values such as the median, mean, and standard deviation of each parameter of interest
during the analyzed period.

1. INTRODUCTION

The last decade advancement in horizontal drilling applications coupled with the
hydraulic fracturing have led to tremendous growth in utilizing the unconventional
resources as a vital source of oil and gas in the United States. As a result, to the boom in
drilling and stimulation in the unconventional resources, large amount of drilling,
completion, and stimulation data have accumulated over the last years. Gathering and
analyzing data such as reservoir properties, drilling, completion, and stimulation
parameters will help in optimizing the wells’ productivity to achieve more economical
benefits from those plays.
Many industries have been utilizing descriptive and predictive data analytics as part
of their processes optimization, future planning, and making decisions. In the oil and gas
sector, data analytics have been described as one of the most dynamically growing field in
this sector (Khvostichenko and Makarychev-Mikhailov, 2018). After realizing the
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influence and the importance of the data-driven decisions, many of the big operators and
leading service companies are allocating many of their resources and dedicating specialized
teams to the trending area of data science. Despite the fact that large scale data analytics
are relatively new, the literature shows the growing interest in this type of studies and the
outputs were very insightful (Yang et al., 2013; Arthur et al., 2014; Romero and Poston,
2016; Myers et al., 2017; Luo and Zhang, 2018; Olaoye and Zakhour, 2018; Srinivasan et
al., 2018; Carman and Wheeler, 2018; Weijers et al., 2019).
In the oil and gas industry, there are many pitfalls and challenges to overcome in
order to execute a data science project. The first and eternal challenge is the availability of
comprehensive data. For many years in the past, the availability of drilling, completion,
and stimulation data were limited to the operating and service companies and data sharing
culture between the companies was not common. The availability of wide range data is an
essential part for the success of any data-driven analysis. Missing parts in the dataset will
hinder the studies and might result in biased decisions. In order to see the big picture in
any data analytics, the availability of a comprehensive database that combines
collaborative data from all the operators and service providers in the studied area is deemed
necessary. When the data are withheld by each operator and were not shared across the
board, each operator will end up possessing only one piece of the puzzle and less efficient
analyses might be obtained due to the limitation of the data availability. The second
challenge in any data analytics is the quality and ingestion form of the data, for example,
the accuracy of the reported data and the type and format of the saved data whether the
information is saved on scanned paper reports, uneditable electronic file, or saved in an
easy to copy and transform data format. The third obstacle to successful data analytics is
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large scale data handling and processing tools and software availability. The good old way
of spreadsheet calculations might reach its limit before covering the large data constituents.
Microsoft Excel, in particular, cannot accept and process in a single spreadsheet more than
1,048,576 rows of data. Data handling software limitations may limit the capabilities of
utilizing large datasets such as FracFocus where it contains several million rows of
stimulation chemicals’ data. Therefore, the need for more advanced processing and
visualization software becomes a necessity to perform such studies.
In this study, all the available FracFocus raw data between 2011 and 2018 were
downloaded, processed, and then combined with data from another commercial database
to integrate the United States completion and production data to the stimulation data. The
created database will serve as a source for several analytical studies to identify the
completion and stimulation activities and to highlight the trends in different parts of the
United States.
Over the last few years, the unconventional resources in the United States have
gained the industry focus and many operators and service providers began to implement
different drilling and completion strategies. They have been pushing the design and
operating boundaries to find the best practices to optimize and maximize wells’
productivity.
Collecting data about drilling, completion, and stimulation parameters over the last
years will provide a good base to analyze the industry’s general trends and approaches. It
will show how the strategies have been evolving along the journey of experimentation and
refinement to reach the target of optimizing the productivity of the wells while reducing
the footprint as reflected by the adoption of multiple wells pads instead of single well pads.
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The drilling technologies advancement has led to longer horizontal laterals which demand
a higher number of stimulated stages and a need for more proppant and water quantities to
achieve more effective stimulated reservoir volume. Historically, the operators in the
unconventional resources during the early development stages of their drilling and
completion programs have started their designs with basic engineered procedures while
trying to establish a baseline for their treatment. The early designs were limited by logistics,
equipment rating and availability, material cost, and the targeted or desired initial
production. Other operators simply copied and adopted the successful designs from their
neighboring operators. Starting from the baseline designs, there have been many
development and steps that the pioneer operators had to go through to reach to the best and
optimized designs that match their productivity expectations. The developments were not
limited to only the completion and stimulation operational designs, but it also included the
products types as well, such as proppant, additives and fluids.
Many publications in the literature tried to document the history and the trends of
the shale best practices. The early studies did not contain representative formation
descriptive data that can be utilized to generalize and extrapolate trends to the field level.
Early studies were usually conducted on data from a limited number of localized wells and
reflected a very area specific trend (Carman and Wheeler, 2018). King (2010) enriched the
literature with a published study that included a comprehensive review of the trends of the
shale plays best practices. At that time, that study was the best summary study and it is still
considered as a very valuable reference. As more data are shared, and more comprehensive
databases are built, presenting historical case studies can be very helpful in tracking the
industry progression towards the best and optimum completion strategies. Having high-
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quality data of the monumental number of parameters that describes the formation, drilling
and completion will serve the purpose of finding meaningful trends and correlations by
using data visualization and descriptive analytics techniques.
This study is investigating the general trends in the completion and stimulation in
the Permian Basin over the time frame of Q1 of 2013 to Q2 of 2018. The trends of the
proppant and water consumption over time are presented along with the parameter’s
distribution and statistical values. The normalized values of stimulation parameters by the
perforated lateral length is also discussed. Pad drilling approach in the Permian is also
addressed in this study. Finally, the effects of the amount of the proppant and water on the
initial production are discussed in the results and discussion section to show the effects of
the completion parameters on well productivity.

2. METHODOLOGY

The first step in this research was to build a comprehensive database that contains
all the chemical data including the volume of pumped fracturing fluids and proppant mass.
The Fracfocus website and DrillingInfo for production and completion commercial
database were selected to be the two major databases to be downloaded, processed and then
merged together.
The FracFocus website (FrackFocus, 2019) is a public source to report the types
and percentages of all fluids and chemicals that are pumped as part of a hydraulic fracturing
stimulation operation. The data of each well is reported separately on a pdf file. The website
allows searching for the wells by state, county, etc. down to the unique API number. The
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website is managed by the Ground Water Protection Council and Interstate Oil and Gas
Compact Commission. Since 2011, more than 127,000 well sites have been registered into
the website as of April 2019. Due to the limitation of the maximum number of rows that
each excel sheet can handle, the FracFocus database was downloaded in several separate
excel spreadsheets. The database contains the well identifiers information such as the
longitude and latitude, the state and county, the water volume used, and the mass
percentage of most of the chemical additives including the sand which is used as a propping
agent. The data quality obtained from the raw parameters of FracFocus is challenging and
requires a lot of processing and cleansing procedures to eliminate the typos and errors. Data
processing algorithms were developed in this study and many data workflows were
integrated to eliminate errors and repeated fields to come up with an accurate calculated
mass value for each chemical ingredient and to group the additives based on their intended
purpose of use. The data workflows were also developed to detect re-fractured wells and
many built-in validation processes were integrated to make sure that the outcomes of the
data were accurate. The concentration in pound/gallon of all the chemical additives was
also determined in the newly created database. More than eighty thousand wells with
validated data quality were extracted from FracFocus. Those wells spanning the whole U.S.
Figure 1 shows a data workflow example.
Production and completion data were extracted from a commercial database source
(DrillingInfo, 2019). It compiles and verifies data retrieved from the States’ public records
and third-party sources. Since the data quality is already verified by DrillingInfo (D.I.),
routine data quality check and outlier detection procedures were applied to D.I. parameters.
Practical initial production was calculated as the second-month production divided by the
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number of produced days (BBL/Day, MCF/Day), the perforated lateral length was used as
a proxy to stage count as well as a normalizing parameter. It was calculated by subtracting
the upper perforation depth from the lower perforation depth. Proppant density (Proppant
Loading) was calculated by dividing the total amount of the pumped proppant mass (lbs)
by the total volume of used water (gal).

3. DATA DISTRIBUTION OF THE WELLS IN THE PERMIAN BASIN

Having data accessibility of many wells as presented in this analysis enhances the
quality of the trends investigation and gives many insights for the overall use of proppant
and water volumes across the Permian Basin. It can also provide insights into the
progression of trends within the basin and can be filtered and drilled down to show different
levels of details.
Figure 2 shows the map of Texas and New Mexico with all the wells integrated into
this study. The wells’ markers were color-coded based on the type of drilling (Green:
Vertical, Blue: Directional, and Red: Horizontal). The shapes of the markers were also
identified based on the well’s drilling type (Star: Directional, Horizontal Arrow:
Horizontal, and Vertical Arrow: Vertical).
Figure 3 shows the number of wells for the three major geological components in
the Permian and the overall percentage of data coverage for each basin. The pie chart
sectors are sized based on the number of wells in each basin and all the sectors were color
coded based on the geological basins.
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4. RESULTS AND DISCUSSION

Completion trends across the United States have been showing a continuous
upswing in the amount of proppant and fluid used in well stimulation. In previous
publications, Data from all the major U.S. unconventional basins were utilized to visualize
the growing trends over time. In the aggregated U.S. plays trends paper the completion
trends in all the formations showed an upswing correlation in term of the amount of
proppant and water as well as the stimulated lateral length. In this study, the focus will be
directed to the Permian Basin activities over the studied period. It covers all the wells
drilled and completed in the Midland Basin (8866 wells), Delaware Basin (4370 wells),
and the Central Basin Platform (2280 wells). The following subsections will discuss the
trends in stimulation and completion parameters.
The following sub-sections will discuss the Permian Basin stimulation and
completion parameters:
4.1. PROPPANT QUANTITIES AND TRENDS
In hydraulic fracturing stimulation, a propping agent (such as sand or ceramics)
which is usually called proppant are used to keep the fractures open. Proppant is usually
mixed with water and other different chemicals to hydraulically fracture and stimulate the
low and ultra-low permeability formations. It has been used in hydraulic fracturing for
about 70 years. There has been a continuous growing demand on proppant which can be
attributed to the relatively recent advancement in horizontal drilling and the ability to drill
longer laterals which requires multiple fracturing stages. The continuous growing demand
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for energy sources and the escalation of oil and gas prices have pushed the operational
limits of drilling, completion, and stimulation to expand and hence proppant demand.
Figure 4 shows combined box plots and distribution histograms of the proppant
data for the Permian Basin hydraulic fracturing stimulation proppant utilization over time.
The plots are also associated with a statistical table that shows the count of the participating
wells; average value of the proppant mass pumped for each particular year; median value
of the proppant which are used to describe the variables with wide range of values to
eliminate any bias results on the average value due to the high value of the suspected
outliers. In many cases the median and the average are close in values which indicates a
good data quality and there are no extreme outliers and skewness that influence the average
value; summation which represents the total mass of proppant consumed for each particular
year; maximum and minimum values to show the range of the data, standard deviation; the
first and third quartile values of the data distribution; interquartile range; and the number
of suspected outliers. Each figure was color-coded based on the stimulation year.
Comparing the median and the average values of the proppant mass over the years shows
an undeniable trend that the operators have been utilizing more proppant as time
progressed.
The years 2011 and 2012 had the least number of wells because of the fact that
FracFocus was released during the second quarter of 2011 and reporting the stimulation
data to the website was voluntarily, after 2013 more operators started to participate in data
reporting and many states started to require all operators to report the stimulation data as
part of the regulations. In this analysis, data from the years 2011 and 2012 were eliminated
because of the small sample representation. The year 2018 only includes the wells that

93
were stimulated during the first two quarters. This figure illustrates that the average
proppant mass started around 1.8 million pounds in 2013 and as the time progressed and
the lateral length became longer, more proppant was pumped surging over 13 million
pounds during 2017 and 2018. The median values of proppant mass in the Permian Basin
corroborated with average values and confirmed that the data is clean from extreme outliers
or skewness. To account for the increase in lateral length over time, box plots and
distribution histograms were created for the normalized value of proppant mass over the
perforated lateral length (Lbs/ft) as shown in Figure 5 It is still evident that the median and
average values of the amount of proppant pumped per perforated foot of the lateral were
increasing with time and the data distribution range started to get wider during 2015
onward. As time progressed, the operators started to push the proppant usage range further
by trying to pump more proppant per foot as evident in the data distribution histograms.
More wells started to appear on the density distribution bars (histograms) at the high
proppant/foot ranges. The suspected outliers were kept in these figures to show the high
ends trials that some operators conducted to test the operational limits. Only the extreme
outliers which reflect no applicable values were removed in this analysis.
Figure 6 shows the proppant average and median values in the Permian wells for
each quarter of the studied period. The red bars represent the average value of proppant for
each quarter, the black line series represents the median value of proppant for each quarter,
and the green line series represents the number of wells that were completed and stimulated
during each quarter. The overall trend shows a continuous increase in the amount of
proppant being pumped as part of the hydraulic fracturing stimulation. It also shows that
the average and median of the amount of sand started to escalate as the number of the
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drilled wells started to go down associated with the crash of the oil and gas prices during
the last quarter of 2014. The average sand per well has increased from 1.8 million pounds
per well in 2013 to almost 14 million pounds per well during early 2018.
To show the normalized average and median proppant per perforated foot in the
Permian Figure 7 was generated. The trend still confirms the continuous increase in the
amount of proppant being pumped regardless of the lateral length. The amount of the
proppant per stimulated lateral foot more than tripled from almost 500 lb/ft during early
2013 to more than 1800 lb/ft during early 2018.
Figure 8 shows in the red bar chart the average value of proppant per well subclassified based on the type of the drilled wells (D: Deviated or Directional, H: Horizontal,
and V: Vertical). The black line series represents the number of stimulated wells for each
type of wells. The figure illustrates the continuous increase in the average amount of
proppant being pumped. It also demonstrates that horizontal wells consume the highest
amount of proppant when compared to the other types of wells as a result of multi-stage
fracturing operations within the same horizontal well. It is also evident that in the Permian
Basin vertical wells drilling used to dominate other types of drilling during 2013 and 2014.
In 2015 the operators started to switch their focus to drill most of the wells horizontally.
The figure also captures the fact that over the past five years the average proppant per
horizontal well has tripled from 5 million pounds per well in 2013 to 15 million pounds
per well in 2018.
Figure 9 shows the average proppant consumption per well for each of the three
major basins in the Permian. It also shows that the Central Basin Platform has the minimum
average proppant consumption per well due to the fact that more than 70 percent of the
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vertical wells were drilled within this basin. Delaware and Midland basins average
proppant consumption per well is relatively close in value with the latter being slightly
higher since the second quarter of 2015.
4.2. WATER QUANTITIES AND TRENDS
Water is used in hydraulic fracturing to serve as the primary carrier base fluid.
Water and proppant (sand) can make up 99.5 % of the hydraulic fracturing fluid. Water is
sourced from lakes, rivers, municipal supplies, and groundwater when sufficient quantities
are available.
Figure 10 shows combined box plots and distribution histograms for the volume of
water utilized in hydraulic fracturing operations in the Permian Basin. Similar to proppant
trends, the water quantities have been increasing with time since 2013. The water volume
has increased from an average of 2 million gallons per treated well to almost an average of
13 million gallons per stimulated well. It is also evident from the distribution histograms
that over the past three years, the water data distribution became wider as more wells began
to utilize larger stimulation volumes due to the increase in drilled lateral length and more
hydraulic fracturing stages have been implemented within a single well. The median and
the average values are close in their values especially for the last three years which indicate
a good data quality and the data is clean from unrealistic outliers which could introduce
some biases in the average values.
To investigate the water volume in the Permian Basin and to isolate the effect of
the lateral length difference from well to well, a normalized water volume per lateral length
parameter was generated. Figure 11 represents distribution histograms combined with box
plots over time to show the values of water gallons usage per each stimulated lateral foot.
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The increasing trend in water usage was confirmed to be evident regardless of the lateral
length. The volume of water per foot has increased from 600 Gal/ft in 2013 to
approximately 1800 gal/ft in 2018.
Figure 12 shows the water average and median values in the Permian wells for each
quarter of the studied period. The blue bars represent the average value of water (million
Gal) for each quarter, the black line series represents the median value of proppant for each
quarter, and the green line series represents the number of wells that were completed and
stimulated during each quarter. The overall trend shows a continuous increase in the
volume of water being pumped as part of the hydraulic fracturing stimulation. Similar to
proppant, the average and median of stimulation water volume started to escalate as the
count of the drilled wells started to go down as a result to the crash of oil and gas prices
during the last quarter of 2014. The average water per well has increased from two million
gallons per well in 2013 to almost fifteen million gallons per well during Q2 of 2018. To
show the average and median of normalized water per perforated foot in the Permian Figure
4.10 was generated. The trend still confirms the continuous increase in pumped stimulation
water volume regardless of the lateral length. The amount of water gallons per stimulated
lateral foot have more than tripled from almost 600 Gal/ft during early 2013 to more than
1800 lb/ft during 2018.
Figure 13 shows in the blue bar chart the average value of water volume per well
sub-classified based on the type of the drilled wells (D: Deviated or Directional, H:
Horizontal, and V: Vertical). The black line series represents the number of stimulated
wells for each type of wells. The figure illustrates the continuous increase in the average
volume of water being pumped. It also demonstrates that horizontal wells consume the

97
highest amount of water when compared to the other types of wells as a result of multistage fracturing operations within the same horizontal well. The figure also captures the
fact that over the past five years the average pumped water per horizontal well has tripled
from 5 million gallons per well in 2013 to 15 million gallons per well in 2018.
Figure 15 shows the average water consumption per well for each of the three major
basins in the Permian. It also shows that the Central Basin Platform has the minimum
average water consumption per well due to the fact that more than 70 percent of the vertical
wells were drilled within this basin. Delaware and Midland basins average water
consumption per well is relatively close in value with the latter being slightly higher since
Q1 of 2015.
4.3. PROPPANT LOADING QUANTITIES AND TRENDS
Proppant loading is defined as how much proppant were pumped relative to one
gallon of water. The proppant loading parameter in this study was calculated by dividing
the total amount of proppant (in pounds) by the total volume of water (in gallons).
Figure 16 shows a combined distribution histograms and box plots of the proppant
loading over each year of the studied period. The median, average, and the 90th percentile
are marked on each box plot. The distribution histograms show a practical value range from
0.5 to 1.5 Lbs/Gal. The average and median are close in values which indicates a low
skewness in the data distribution with the average being slightly higher than the median
which indicates a slight right skewness.
Figure 17 shows a combined bar and line charts of the proppant loading average
and median values respectively. The red bar shows the average proppant loading for each
quarter of the studied period associated with the black line series that shows the median
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value of the proppant loading for each quarter. The average value fluctuated between 0.9
to 1.1 Lbs/Gal.
4.4. HORIZONTAL LATERAL LENGTH AND PERFORATED INTERVALS
DATA AND TRENDS
Horizontal wells are usually drilled vertically or directionally up to a certain depth
(kick-off point) and then steered horizontally into the target zone. The horizontal section
can be extended to thousands of feet to create a larger surface contact area with the
reservoir. The drilled lateral then will be perforated and stimulated in several different
stages. To understand the lateral and perforated interval lengths and trends over time in the
Permian Basin the following figures were generated.
Figure 18 shows combined distribution histograms and box plots of lateral lengths
in the Permian for each year of the studied period. The average and median values are
marked on each box plot. The distribution histograms show that the lateral length can vary
from 5 to 11 thousand feet. The box plots show that the lateral length average and median
values have increased over time. The average lateral length increased from six thousand in
2013 to more than eight thousand in 2018.
Figure 19 shows a combined distribution histograms and box plots of the perforated
intervals of the lateral length for each year of the studied period. The average and median
values are marked on each box plot. The distribution histograms show that the perforated
lateral length can vary from low values of few feet to 10 thousand feet. The low values of
perforated intervals are associated with vertical wells. The box plots show that the
perforated lateral intervals average and median values have increased over time. The
average lateral length increased from 2900 ft in 2013 to more than seven thousand in 2018.
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In the previous two figures, the data distribution and average values for 2017 and
2018 showed similar trends for the horizontal and perforated lengths. If the same trend
continues for 2019, it will indicate that the operators in the Permian have optimized their
drilling programs and reached to their desired lateral length that balances the drilling and
completion costs with the production enhancement from a longer lateral.
Figure 20 shows a combined line and bar charts for each quarter of the studied
period. The bar chart represents the average value for the horizontal lateral length, the
purple line series represents the median value of the horizontal lateral lengths, and the green
line series represents the median value of the perforated lateral intervals. The figure
confirms that as time progressed the lateral length and the perforated interval have
increased. It also showed that the gap between perforated interval and lateral length became
narrower with time which indicates that about 90% of the horizontal well lateral lengths
have been perforated and stimulated. In 2013 the perforated intervals were approximately
60% of the horizontal length while starting in Q2 2016 the percentage of the perforated
lateral to the horizontal length became closer to 90%. The perforated lateral interval can be
used as a proxy to a number of stimulation stages and this trend shows an increase in the
number of stimulation stages as time progressed in the Permian Basin.
4.5. DRILLING TYPES AND ACTIVITIES OVER TIME
Drilling activities are measured by how many wells were drilled and completed for
a certain period of time. There are three types of wells drilled in the Permian: vertical,
horizontal and directional. Figure 21 shows a bar chart of wells count in each quarter of
the study period. The drop of wells count confirms the recent industry downturn as a result
of oil and gas prices crash during the last quarter of 2014. Each bar subdivided and colored

100
based on the type of the wells drilled during that quarter. Green represents vertical wells
percentage, red represents a horizontal well percentage, and blue represents directional
wells percentage. Before the oil and gas prices drop, more than half of the stimulated wells
in the Permian were drilled horizontally. Starting in 2015 the industry shifted their focus
to drill and stimulate more horizontal wells and by 2017 more than 90% of the wells were
drilled horizontally.
4.6. SPACIAL AND TEMPORAL PAD DRILLING ACTIVITIES
Pad drilling is the approach of drilling multiple wells from one single drilling site.
It reduces the drilling and completion surface footprint. Pad density is defined as how many
wells are drilled within close surface proximity on a single drilling site. To study the
evolution of pad drilling practices in the Permian Basin the following figures were prepared
to understand the trends and activities of pad densities.
Figure 22 represents the map of Texas and part of New Mexico. More than 20,500
horizontal and directions wells that drilled between Q1 2013 and Q2 2018 were included
in this study. Since more than 99% of the wells were drilled in a pad of six wells or smaller,
the data in this study were limited to pad density range of one to six. The wells on the map
are color-coded based on the pad density. i.e. a well which is drilled on a single well pad
will be labeled as pad density of 1 and colored in light blue on the map. Similarly, a well
which is drilled on a pad that contains 6 wells, will be labeled as pad density of 6 and will
be colored on the map with black color.
Figure 23 shows combined box plots and distribution histograms for the pad
densities from 2013 to 2018. Earlier in the Permian (2013 and 2014), more than 50% of
the wells were drilled on a single well pad site as indicated by the median value which is
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equal to one. After 2015 the median became 2 and the average value started to shift upward
which indicates an increase in the number of wells that drilled on a multiple wells pad.
Figure 24 shows a bar chart that illustrates the wells count of each pad density over
time. The bars indicate that at earlier time in the study, the single well pads were
dominating the distribution. As time progressed, multiple wells pads increased in well
counts and in 2018, the double wells pad dominated the distribution.
Figure 25 shows multiple line charts and each line colored based on the pad density
value. This figure associates the lateral length to the pad density to understand the trends
of drilling strategies in the Permian Basin. It shows that the wells drilled on a single pad
were shorter on average lateral length than the wells drilled on multiple wells pad.
Figure 26 shows 6 pie charts illustrate the percentage of wells in each pad density
over the past 6 years. It is clearly evident that single well pads are diminishing with time.
Single well pads in 2013 represented 69% of the wells’ population, in 2014 it became 56%
and continued to be less every following year to become 22% in 2018 while double well
pad became 30% and three wells pad became 23%.
From the previous five figures, it is evident that the operators in the Permian Basin
are planning to expand the utilization of pad drilling by drilling multiple wells from one
surface location to reduce the drilling rig move costs and stimulation logistics. It is also
evident that the operators are recently trying to maximize their well designs by drilling the
longer laterals on multiple wells pads.
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4.7. STIMULATION AND COMPLETION VARIATION EFECTS ON AVERAGE
AND MEDIAN PRODUCTION OF OIL AND GAS IN THE PERMIAN BASIN
In the unconventional resources, the initial production is considered as an effective
parameter to measure the effectiveness of the drilling and stimulation operations for each
reservoir. In this study, the practical initial production parameter was used as the initial
production. Practical IP is calculated by dividing the second-month total production by the
number of produced days of that month. The following 8 figures will discuss the production
response of oil and gas practical IP and practical IP per stimulated foot to the water and
proppant per stimulated foot parameters.
Figure 28 shows a bar chart of four binned ranges of water volume per perforated
lateral length on the x-axis, and the right-hand side y-axis represents the average value of
practical gas IP in (MCF/Day), while the left-hand side of y-axis represents the median
value of practical gas IP in (MCF/Day). The figure shows that at water per foot value of
more than 3000 Gal/ft, the average and median Prac. IP of gas decreased.
Figure 4.25 shows a bar chart of four binned ranges of water volume per perforated
lateral length on the x-axis, and the right-hand side y-axis represents the average value of
practical oil IP in (BBL/Day), while the left-hand side of y-axis represents the median value
of practical oil IP in (BBL/Day). The figure shows that at water per foot value of more than
3000 Gal/ft, the average and median Prac. IP of oil decreased.
The effect of excess stimulation water volume on initial production could be
attributed to the excess water flowback during the initial production which competes with
the hydrocarbon production.
Figure 29 shows a bar chart of eight binned ranges of proppant mass per perforated
lateral length on the x-axis, and the right-hand side y-axis represents the average value of
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practical gas IP in (MCF/Day), while the left-hand side of y-axis represents the median
value of practical gas IP in (MCF/Day). The figure shows that at proppant per foot value
of more than 3000 Lbs/ft, the average and median Prac. IP of gas decreased.
Figure 30 shows a bar chart of eight binned ranges of proppant mass per perforated
lateral length on the x-axis, and the right-hand side y-axis represents the average value of
practical oil IP in (BBL/Day), while the left-hand side of y-axis represents the median value
of practical oil IP in (BBL/Day). The figure shows that at water per foot value of more than
3000 Lbs/ft, the average and median Prac. IP of oil decreased.
To investigate the lateral length effect on production, normalized parameters of
practical IP of gas and oil to the lateral length were generated by dividing the average and
median production value for each well by its lateral length. The following four figures
show the production per stimulation foot response to proppant per foot and water per foot.
Figure 31 shows a bar chart of six binned ranges of proppant mass per perforated
lateral length on the x-axis, and the right-hand side y-axis represents the average value of
practical gas IP per stimulated foot in (MCF/Day)/ft, while the left-hand side of y-axis
represents the median value of practical gas IP per stimulated foot in (MCF/Day)/ft.
Figure 32 shows a bar chart of six binned ranges of proppant mass per perforated
lateral length on the x-axis, and the right-hand side y-axis represents the average value of
practical oil IP per stimulated foot in (BBL/Day)/ft, while the left-hand side of y-axis
represents the median value of practical oil IP per stimulated foot in (BBL/Day)/ft.
Figure 33 shows a bar chart of six binned ranges of water volume per perforated
lateral length on the x-axis, and the right-hand side y-axis represents the average value of
practical gas IP per perforated lateral foot in (MCF/Day)/ft, while the left-hand side of y-
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axis represents the median value of practical gas IP per perforated lateral foot in
(MCF/Day)/ft.
Figure 34 shows a bar chart of six binned ranges of water volume per perforated
lateral length on the x-axis, and the right-hand side y-axis represents the average value of
practical oil IP per perforated lateral foot in (BBL/Day)/ft, while the left-hand side of yaxis represents the median value of practical oil IP per perforated lateral foot in
(BBL/Day)/ft.
All the previous four figures confirm the incremental increase of initial production
per foot as a result of increasing the stimulation parameters represented by the amount of
proppant per foot and the volume of water per foot.

Figure 1. Data Processing Workflow to Handle Data from FracFocus
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Figure 2. Wells’ Locations on the U.S. Map

Figure 3. Data Coverage of the Major Three Components in the Permian Basin
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Figure 4. Proppant Mass Box Plot and Data Distribution Histogram

Figure 5. Proppant/Perforated Lateral Box Plot and Data Distribution Histogram
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Figure 6. Average, Median Proppant Mass and Wells Count/Time

Figure 7. Average and Median Proppant Mass / Perforated Lateral over Time
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Figure 8. Average Proppant and Number of Wells over Time for each Well Type

Figure 9. Average Proppant Consumption by Major Basins in the Permian
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Figure 10. Water Volume Box Plot and Data Distribution Histogram

Figure 11. Water Volume / Lateral Box Plot and Data Distribution Histogram
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Figure 12. Average, Median Water Volume and Well Count/Time

Figure 13. Average and Median Water Volume / Perforated Lateral over Time
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Figure 14. Average Water use and Number of Wells over Time for each Well Type

Figure 15. Average Water Consumption by Major Basins in the Permian
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Figure 16. Proppant Mass/ Water Volume Box Plot and Distribution Histogram

Figure 17. Average and Median Values of Proppant Loading
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Figure 18. Horizontal Length Box Plot and Data Distribution

Figure 19. Perforated Lateral Length Box Plot and Data Distribution Histogram
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Figure 20. Average and Median Horizontal Length, Perforated Lateral Length

Figure 21. The Data Sample of the Number of wells and Completion over Time
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Figure 22. Map of Texas and New Mexico Shows Well Distribution and Pad Density

Figure 23. Box Plot and Distribution Histogram of Wells Count for each Pad Density
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Figure 24. Bar Chart of Pad Density over Time

Figure 25. Line Chart of the Average Lateral Length/Time for each Pad Group
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Figure 26. Pie Charts of Pad Densities-Wells’ Percentages over Time

Figure 27. Water/Ft Effect on Average and Median Gas IP
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Figure 28. Water/Ft Effect on Average and Median Oil IP

Figure 29. Proppant/Ft Effect on Average and Median Gas IP

Figure 30. Proppant/Ft Effect on Average and Median Oil IP
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Figure 31. Proppant/Ft Effect on Average and Median Gas IP / Perforated Foot

Figure 32. Proppant/Ft Effect on Average and Median Gas IP per Perforated Foot

Figure 33. Water/Ft Effect on Average and Median Gas IP per Perforated Lateral
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Figure 34. Water/Ft Effect on Average and Median Oil IP per Perforated Lateral

5. CONCLUSIONS

The following points will summarize the main conclusions that are observed about
the Permian Basin completion and stimulation trends:


Stimulation chemicals database were gathered from FracFocus. The proppant data
were processed and checked for accuracy then combined with completion and
production data acquired from DrillingInfo. The combined stimulation, completion,
and production database were used to study the overall activates and trends in the
Permian Basin.



The study focused on the wells drilled and stimulated between the first quarter of
2013 and the second quarter of 2018.
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Both of the average and median values were presented and discussed in this study
to eliminate the bias effect of the high and small range values on the average.



Over time, the operators in the Permian have increased the total proppant mass and
water volume pumped per well as well as the proppant mass per stimulated foot
and water volume per stimulated foot.



When the oil and gas prices crashed in Q4 2014, the wells count dropped and the
industry focus was shifted towards drilling more horizontal wells compared to
vertical drilling and the lateral length and stimulation volumes got bigger to
increase the productivity while reducing the wells count.



More than 70% of the drilled vertical wells were concentrated in the Central Basin
Platform.



Proppant loading in the Permian ranged at 0.5 to 1.5 Lbs/Gal. The lower proppant
loading represents the well fractured with slick water and the higher proppant
loading represents the wells fractured with gel and crossed linked fluids.



The horizontal lateral length and the perforated length have increased with time.
Many laterals in the past two years were drilled in excess to 10 thousand feet. After
Q2 of 2016, more than 90% of the lateral length was perforated and stimulated.



The trend of pad drilling has been adopted in the Permian Basin with more than 77
% of the wells drilled on multiple wells pads.



The initial production in this paper was represented by the practical IP which is
obtained by dividing the second month of production by the number of production
days.
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The effect of water volume per foot on the initial production was investigated and
the practical IP of gas and oil showed that the production got improved up to a value
of 3000 Gal/ft.



The effect of proppant mass per foot on the initial production was investigated and
the practical IP of gas and oil showed that the production got improved up to a value
of 3000 Lbs/ft.



The practical IP per stimulated lateral were also investigated to test the
improvement in production as a result of increasing normalized water and proppant
volumes. The Prac IP/ft confirmed the benefits of increasing the stimulation volume
up to the optimized values.
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ABSTRACT

The aim of most hydraulic fracturing treatment is to design and implement the best
stimulation strategies that help to increase the short and long-term productivity of the
stimulated reservoir section. This can be achieved by selecting the best treatment fluid
types that are compatible with the formation to achieve the best combination of fracture
geometry and well’s productivity. The main objective of this study is to investigate the
short and long-term wells’ productivity for the different types of hydraulic fracturing
treatment fluids in the East Texas Basin Cotton Valley formation.
Two hundred and sixty one Cotton Valley wells were identified and selected for
this study. All the wells were horizontal and hydraulically fractured that were completed
after 2012. The wells were classified based on the type of hydraulic fracturing fluid into
four major groups: gel, water, cross-linked gel, and hybrid fracs. The hydraulic fracturing
chemicals were obtained from FracFocus public record database. FracFocus data were
processed then combined with production and completion data obtained from DrillingInfo
database. Several data workflows were developed to classify the treatment fluid types
based on the chemical ingredients of each fracturing treatment.
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The productivity in this paper is reported in terms of equivalent barrel of oil which
converts every 6 MCF of gas into 1 equivalent barrel of oil. This paper investigates the
Cotton Valley initial production (BOE/Day), cumulative 6 months, 1 year, 2 years, and 5
years and compares the productivity for each type of hydraulic fracturing fluids. This work
also provides several insights about the wells performance as a function to stimulation
parameters such as the amount of pumped proppant, the volume of pumped water, and the
length of the perforated horizontal lateral. The normalized production and stimulation
parameters to the perforated lateral are also discussed in this paper.
This study discusses several data processing workflows that will help to illustrate
the procedures to extract data from FracFocus and DrillingInfo. It provides an
understanding of the hydraulic fracturing fluid types’ occurrence and measures the effect
of stimulation and completion parameters on the short and long-term productivity.

1. INTRODUCTION

Advancements in horizontal drilling technology coupled with the ability to
economically place repeated hydraulic fracturing stimulations along the horizontal well
have driven the growth in developing unconventional resources as a leading source of oil
and gas to the energy supply in the United States. The resulting boom in drilling and
stimulation have led to an accumulation of a vast amount of drilling, completion,
stimulation, and production data. Gathering and analyzing all of the accumulated data aid
in optimizing the productivity of the wells and identify the greatest economic exploitation
methods for future well drilling and completion.
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A large number of industries have been applying data descriptive and predictive
approaches in their operations’ optimization in addition to decision making and future
planning. Data analytics have been defined as one of the highest growing fields within the
oil and gas industry (Khvostichenko and Makarychev-Mikhailov, 2018). Many of the
operators and service contractors have realized the imperative of data-driven decisions and
started to appropriate many of their resources to expand their data utilization in everyday
decisions. The literature shows an abundance of articles that depicts the growing interest
in data analysis studies. The output of this kind of studies are very insightful and shows a
wide range of applicability (Yang et al., 2013; Arthur et al., 2014; Romero and Poston,
2016; Myers et al., 2017; Luo and Zhang, 2018; Olaoye and Zakhour, 2018; Srinivasan et
al., 2018; Carman and Wheeler, 2018; Weijers et al., 2019, Al-Alwani et al., 2019a; AlAlwani et al., 2019b).
In hydraulic fracturing, fluids ladened with proppant, are injected under high
pressure to create a fracture which provides a pathway for oil and gas to readily flow into
a well. There are four stages found in most stimulation treatments. The spearhead prefracturing stage or it can also be called as the acid stage involves pumping water with
diluted acid to clean and clear the perforations and the near-wellbore area from any
potential debris. The next stage is the pad stage which involves pumping the mixed water
and chemicals fluid under a certain pressure to initiate and propagate the fracture. The
following stage is the slurry or the proppant stage which involves the pumping of a mix of
hydraulic fracturing fluid and propping agents. The proppant will be transported into the
fracture and remain in the fractures to keep them propped open. The final and last stage is
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the flush stage which involves pumping clean base fluid to displace any proppant from the
wellbore.
There are several types of hydraulic fracturing fluids. Water fracs consist of water,
friction reducer, and may also include some clay control agents and other chemical
ingredients. Gel fracs (linear gel) includes water, gelling agents and other chemical
components. Example of gelling agents can be guar, hydroxypropyl guar (HPG) or
hydroxyethyl cellulose (HEC). Gelling agents can be prone to bacterial growth; therefore,
biocides are usually added to the gel fluid to eliminate bacterial problems. Cross-linked gel
consists of water, gelling agents and cross-linking agents. The use of cross-linked gel
fracturing fluid requires adding breakers to the mixed fluid to help break the cross-linked
gel fluid in the fractures and flow back to the surface once the job is completed. In some
of the stimulated wells, a combination of the three different types of hydraulic fracturing
fluids can be used. For example, treated water can be pumped in some stages then followed
by linear gel in the other stages. Another example can be a linear gel to cross-linked gel.
The combination of different fluid types used in the same fracturing job classified as hybrid
fluid fracturing.
The Cotton Valley formation is contained in the East Texas Basin. It is a large
hydrocarbon-bearing formation spanning across the eastern part of Texas and the western
part of Louisiana. It is classified as a tight gas sandstone. The formation is comprised of
very fine to fine grains of sandstone that are tightly cemented. It is also interbedded with
carbonate, siltstone, and mudstone (Westcott, 1984). The overall porosity and permeability
are very low and the wells are stimulated with different types of hydraulic fracturing fluid
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treatments. The majority of the reservoir intervals contain gas and the production is mainly
gas associated with liquid hydrocarbon and water (Liu et al., 2011).
The ultimate objective of this study is to compare both short- and long-term Cotton
Valley stimulated well performance as a function of different hydraulic fracturing fluid
treatments. The publicly available FracFocus database was used to identify the type of
hydraulic fracturing fluids used in wells. Data obtained from FracFocus were combined
with commercially available well production data (DrillingInfo, 2019). The following
discussion presents details regarding the data handling and workflows created to uniquely
identify hydraulic fracturing treatments, and then associate those treatments with each
selected Cotton Valley well’s production history. It also compares the Cotton Valley well
performance as a function of fluid volumes, proppant loads, normalized on lateral well
length.
2. APPROACH

A core requirement of this study was to establish a methodology to utilize the
publicly accessible FracFocus database and establish procedures to extract the data and
transform it into usable inputs. For example, FracFocus provides each single chemical
treatment applied in a well as a separate row of data. Identifying all stimulation treatments
associated with the primary completion in a particular well requires some aggregation
method to be applied to the rows of data. This is but one example of numerous such
adjustments required to clean and format FracFocus data. Importantly, an understanding of
unconventional well hydraulic fracturing fluids and procedures is really required to process
these data and ensure a robust and verified database.
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FracFocus database contains chemical data for wells completed after 2011, when
the FracFocus 1.0 registry began. However, it is important to note that reporting methods
varied over time and many wells completed in the earliest time period may not have
complete data. These wells were excluded from this study.
The FracFocus data were then merged with the completion and production
database of DrillingInfo. Merging the two databases provides the ability to associate
hydraulic fracturing fluid treatments in a well with its drilling and completion parameters
and production history.
The following subsections provide additional detail regarding the technical
approach used to process the data. This discussion can serve as a guide for future FracFocus
data mining and processing.
2.1. HANDLING RAW FRACFOCUS DATA FOR THE U.S. WELLS
More than 4 million rows of chemical ingredients data were downloaded from the
FracFocus website. The data are available online to be downloaded in Excel files. Due to
the limitations of the number of rows that one Excel sheet can accept (maximum of
1,048,576 rows) the Fracfocus data were downloaded and condensed into 5 Excel files,
which were then combined and processed together. Once all the FracFocus data were
stacked together, the following step was to identify parameters to be included in the
database (e.g. well location, ingredient name, water volume, etc) and ignore the
unnecessary inputs (e.g. file upload key). The formats of some data columns were adjusted
for further use. For example, the date data were adjusted from FracFocus format of
mm/dd/yyyy hh:mm to mm/dd/yyyy and well location data (surface longitude and latitude)
were used to create centroid points to map the wells’ surface location on the map. After all
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the data merging and formatting, the selected columns were cleaned from any leading or
trailing white spaces and then saved in the format of a tab-delimited text file to be used in
the next phase of the data processing. Figure 1 illustrates the FracFocus initial data
processing workflow for the entire U.S. database.

Figure 1. Data Processing Workflow Illustrating the Initial Steps to Process FracFocus
Data Files

2.2. GROUPING FRACFOCUS CHEMICAL INGREDIENTS
One of the biggest challenges in using the FracFocus data is that the data are
presented in a stacked format. For a single well report, there are several rows of the same
chemical groups that represent different mass percentage of a chemical ingredient. This
work classifies all the chemicals into 19 groups and then process each group of chemicals
separately to aggregate the total mass percentage of each group’s chemical used in a
particular well. The chemical groups designated are as follows: water, proppant, gelling
agents, cross linkers, breakers, friction reducers, surfactants, biocides, clay control, acid,
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pH adjuster, corrosion inhibitor, iron control, scale inhibitor, non-emulsifiers, solvents,
liquid N2, others, and other non-CAS chemicals.
Classifying FracFocus data into the aforementioned groups is not an easy task and
requires knowledge of hydraulic fracturing treatments applied in unconventional oil and
gas well. It also requires data analysis and grouping methods. In FracFocus, there are no
standards in reporting the chemicals’ name or function which makes it impractical to try to
classify the ingredients based only on the name or the purpose. To properly classify the
chemical groups, a combination of the chemical ingredient name along with the chemical
abstract service number (CAS-Number) was used. CAS-Number is a unique number
assigned for any chemical substance and each CAS-Number linked to a list of information
that describes the chemical substance. A treemap chart technique was applied in a hierarchy
style to group chemicals. The chemicals that are heavily present in the highest number of
fractured wells are listed on top of the hierarchy. The ingredient name will be assigned
based on the most frequently mentioned name among all the wells which was associated
with a specific CAS-Number. Applying the “most common” function in assigning the
ingredient name eliminates the FracFocus pitfalls of naming the chemicals in different
styles and spelling errors. The size of the box in the treemap is based on the count of the
number of the wells that the CAS-Number existed.
Figure 2 illustrates a treemap chart with the basic setup steps to create the chart
based on the FracFocus database. In this illustration, the CAS-Number 14808-60-7 is the
unique number for sand that is used as a proppant in hydraulic fracturing. Sand is on top
of the hierarchy followed by water (7732-18-5) because they comprise the greatest mass
percent ingredients in all the stimulated wells. Based on the CAS-Number all the chemicals
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were grouped into one of the 19 groups. Two sources of data check were used to validate
the accurate function of each CAS-Number in order to assign it to the appropriate group.
Environmental protection agency (EPA) safer chemical ingredients list and a study
conducted by Helmholtz Zentrum München, Institute of groundwater ecology which lists
complete list of all hydraulic fracturing chemicals extracted from the Waxman list and the
FracFocus database (Elsner & Hoelzer, 2016; EPA, 2019).

Figure 2. Treemap Chart Utilized to Group FracFocus Chemical Ingredients
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2.3. PROCESSING AND AGGREGATING EACH CHEMICAL GROUP
Once the 19 chemical groups were created, each group was processed separately to
inspect for duplications in data entry within FracFocus reports. Once duplicate rows were
eliminated, an aggregation function was utilized to add up the chemicals’ mass percentage
for every well based on the unique well API number. It is worth mentioning that for the
same well, the same chemical can be mentioned in several rows with different mass
percentages or the same group of chemicals can contain different ingredients’ names and
CAS-Numbers, yet serve the same purpose (e.g. surfactants). The workflow also inspects
for refracturing operations and assigns a fracturing job number for each well. For example,
if the same well’s API number appears to have two separate fracturing dates and different
chemical components associated with each date, this means that the well has been
refractured and based on how many different report dates available, the well stimulation
treatments will be numbered in ascending order with the primary completion designated as
‘1’ and associated with the first fracturing job start date.
Figure 3 illustrates the data processing workflow to calculate the total mass
percentage of chemicals for a stimulation treatment. There are two output files generated
in this workflow. The first one will report the summed-up mass percentages of all chemical
groups per well and the second one will keep all the original components without adding
the mass percent together. The first file output is used in this study to calculate all the actual
mass and concentrations of all the classified groups while the second file output can be
used to identify the different chemical components and their mass percentages for example,
all the different proppant types and sizes can be identified for every treated well.
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Figure 3. Data Processing Workflow to Aggregate the Total Mass % of Chemical
Ingredients per Well

2.4. CREATING PROCESSED FRACFOCUS DATABASE
Figure 4 shows the steps of building the processed FracFocus database by merging
and combining the 19 chemical groups altogether. The workflow starts by joining the water
and proppant data based on the API number. In this step, the workflow investigates the
well’s API number and joins the data of the water group with the data of the proppant
group. If one well has only proppant and no water data, the data will be held aside into a
separate output, the same is true for the wells with only water and no proppant data. After
combining the water and the proppant data into a new output, the proppant mass in pounds
will be calculated based on the total mass percentage, the water mass percentage, and the
total water volume. As a check, the actual reported proppant mass was compared with
reported proppant mass.

A 98% match indicated the mass percentage aggregating

workflows were setup properly. The other remaining chemical groups were introduced into
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the workflow using union tools which means that only the wells that have a mass
percentage of that particular chemical group will obtain a mass percentage value and the
remaining wells will be assigned a zero value for the lack of that chemical group into the
stimulation fluids recipe. The line break in the workflow diagram represents the entry of
all the remaining chemical groups. Once all the chemical groups were introduced and
matched together, several new columns were introduced to the database by using the
formula options to perform calculations to obtain the mass in pounds for all the chemical
groups as well as the total concentration of the chemicals by dividing the mass of the
material by the liquid phase base fluid volume. Finally, the total hydraulic fracturing
percentage recipe was calculated to compare the accuracy of the process.

Figure 4. Data Processing Workflow Illustrating the Steps of Building the FracFocus
Processed Database
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2.5. INTEGRATING FRACFOCUS DATA WITH DRILLINGINFO DATA
The developed FracFocus database was merged with the DrillingInfo database to
generate a comprehensive database that enables comparisons between the stimulation and
completion parameters and their impact on production and well performance. Figure 5
illustrates the data merging workflow where all the screened FracFocus data were matched
by the API number with the DrillingInfo database. The wells in this database are populated
between the years 2012 and 2018.

Figure 5. Data Processing Workflow Merging Final FracFocus Processed Chemical
Database with DrillingInfo Production and Completion Data

2.6. CLASSIFYING STIMULATION TREATMENT FLUIDS
The hydraulic fracturing fluid types were classified as water treatment, gel, crosslinked or hybrid based on the presence of key chemical ingredients: gelling agents, crosslinking agents, and breakers. A formula was integrated into the workflow to perform the
classification based on knowledge of the four fluids types and their application. For
example, the presence of a chemical breaker or a cross-linking chemical would indicate the
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fluid was cross-linked. Figure 6 shows the classification workflow with the built-in
conditional statement classification tool.

Figure 6. Data Processing Workflow to Assign Stimulation Fluid Treatment Type for
Each Well Based on the Chemical Ingredients’ Percentage

3. RESULTS AND DISCUSSION

This section discusses the identified Cotton Valley wells including their treatment
fluid types, completion trends, and the initial production and cumulative recovery with time
for Cotton Valley wells stimulated with each type of hydraulic fracturing fluid. Box plots
and statistical summaries of production and some completion data are also provided.
3.1. COTTON VALLEY TIGHT GAS PLAY DATA COVERAGE
In this study, 261 horizontal wells completed between 2012 and 2018 have been
selected. The data cover most of the Cotton Valley tight gas play across most of the active
counties in Texas and Louisiana. Figure 7 shows a pie chart with all the major counties and
the percentage of the wells that span across them. Figure 8 shows a pie chart with the
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percentage of the four treatment fluid types. As shown, more than 41% of the Cotton Valley
wells were treated with cross-linked fracturing fluids. 28% of the wells were treated with
hybrid fracturing fluid, which means that the wells have been fractured in some stages by
water then gel fluid or gel and crossed-linked or any combination of the treatment fluids.
Linear gel was used to treat about 15.7% of the wells, and water frac fluids were utilized
to treat less than 15% of the wells. Figure 9 pictures a map of the study area focusing on
the wells in Texas and Louisiana. The wells are color-coded based on the treatment fluid
type, i.e. water wells are colored with blue, gel with green, crossed-linked gel with red, and
hybrid wells with yellow. Each state on the map was colored differently to make the border
between the states more visible.

Figure 7. Pie Chart of the Counties and the Wells’ Distribution Percentages of the
Studied Area
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Figure 8. Pie Chart of the Stimulation Fluid Type Percentages of the Studied Area

Figure 9. East Texas Cotton Valley Map Showing Stimulated Wells which are Colored
Based on Treatment Types
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3.2. TREATMENT FLUID TYPES AND WELL PERFORMANCE IN THE
COTTON VALLEY PLAY
The primary focus of this work is to investigate the Cotton Valley formation well
production performance as a function of time for the four hydraulic fracturing fluid types.
User-Friendly dashboards were developed and linked to the database previously described.
The dashboard facilitates creating a wide variety of figures to illustrate well performance
as a function of completion parameters.
Figure 10 shows the average total stimulation base fluid volume per well for each
hydraulic fracturing fluid type. To take into consideration the difference in lateral length
between the wells, the stimulation fluid volume was normalized to the perforated lateral
length by dividing the total stimulation volume per well by the lateral length as shown in
Figure 11 This analysis shows that wells treated with hybrid fluid consumed more
stimulation fluid than the other treatment fluid types and the normalized treatment fluid
volume per stimulated length showed that cross-linked gel wells consumed more fluid per
foot in comparison to other types of fluids.
Figure 12 shows the amount of pumped proppants per well for each fluid type.
Wells treated with cross-linked gel fluid type used the highest average proppant pounds
per well. Figure 13 shows proppant mass normalized to the perforated lateral length. In this
analysis, wells fractured with cross-linked gel consumed more proppant per foot compared
to the other types, whereas linear gel fluids exhibited the highest proppant load in lb/gallon
as shown in Figure 14 Wells treated with water were associated with the lowest proppant
loading which means the wells treated with water frac used less proppant compared to other
treatment types. Figure 15 shows the average perforated lateral length for all the fluid types
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in this study. The longest laterals were stimulated with linear gel fluids. The shortest
average perforated lateral length was stimulated with water fracturing.

Figure 10. Bar Chart Comparing the Cotton Valley Average Stimulation Fluid Volume
Usage per Well for Different Stimulation Fluid Types

Figure 11. Bar Chart Comparing the Cotton Valley Average Stimulation Fluid Usage per
Stimulated Foot per Well for Different Stimulation Fluid Types
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Figure 12. Bar Chart Comparing the Cotton Valley Average Total Proppant Usage per
Well for Different Stimulation Fluid Types

Figure 13. Bar Chart Comparing the Cotton Valley Average Total Proppant Usage per
Stimulated Foot per Well for Different Stimulation Fluid Types

Figure 14. Bar Chart Comparing the Cotton Valley Average Proppant Loading per Well
for Different Stimulation Fluid Types
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Figure 15. Bar Chart representing the Cotton Valley Average Perforated Lateral Length
for The Different Types of Stimulation Fluids Between (2012-2018)

3.3. BOX PLOTS AND STATISTICAL TABLES OF THE COTTON VALEY
PRODUCTION DATA
Figure 16 to Figure 24 provide the production and completion data distributions
using box plots along with the associated summary statistical table. Each fluid type’s box
plot is color-coded based on the type of stimulation fluid. The average value is marked as
an x mark on the box plot. The median value is marked as a white solid line and the first
and third quartiles are marked as dotted lines. The statistical tables shows the count of
number of wells per stimulation type, the average value, median value, the number of
outliers, the value of the first quartile, the value of the third quartile, the value of the first
10% of the data and the value of the 90% of the data. Since this study compares the
production and completion data as well as some normalized production per foot parameters
for different types of hydraulic fracturing fluids, these boxplots were chosen to show all
the production and completion data distribution.
Finally, all the suspected outliers were cleaned out and removed from this dataset
to make the data comparison more reliable.
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Figure 16 shows a box plot and statistical table of the cumulative production in
barrel of equivalent oil (6 MCF=1BOE) divided by the number of produced months in
(BOE/month). Figure 17 shows a box plot and statistical table of the practical IP
(BOE/Day). The box plots and statistical tables of the cumulative BOE production for the
first 6 months, first year, two years, and 5 years are presented in Figure 18, Figure 19,
Figure 20, and Figure 21, respectively. Lastly, the box plots and statistical tables of total
proppant, total water, and perforated lateral length are shown in Figure 22, Figure 23, and
Figure 24, respectively.

Figure 16. Box Plot and Statistical Table of Cotton Valley Cumulative BOE Production
per Total Produced Months
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Figure 17. Box Plot and Statistical Table of Cotton Valley Practical BOE Initial
Production

Figure 18. Box Plot and Statistical Table of Cotton Valley First Six Months Cumulative
BOE Production
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Figure 19. Box Plot and Statistical Table of Cotton Valley First Year Cumulative BOE
Production

Figure 20. Figure 14 Box Plot and Statistical Table of Cotton Valley First Two Years
Cumulative BOE Production
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Figure 21. Box Plot and Statistical Table of Cotton Valley Five Years Cumulative BOE
Production

Figure 22. Box Plot and Statistical Table of Cotton Valley Total Proppant Pumped Per
Well
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Figure 23. Box Plot and Statistical Table of Cotton Valley Total Water Per Well

Figure 24. Box Plot and Statistical Table of Cotton Valley Lateral Length
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3.4. COMPARING TREATMENT FLUID TYPES AND BOE IP, CUMULATIVE
FIRST 6 MONTHS, FIRST YEAR, 2 YEARS, AND 5 YEARS BOE
PRODUCTION
Although the Cotton Valley is a tight gas formation and most of the production is
gas, there is also some reported oil production. In this study, all the production comparisons
were based on the equivalent barrel of oil method were 6 MCF of gas equal 1 barrel of
equivalent oil. Figure 25 shows the five years cumulative production of gas, oil, and the
equivalent barrel of oil for the four fracturing fluid types. Wells’ performance was found
to vary between initial producing and longer-term recovery for the four hydraulic fracturing
fluid types studied. Figure 26 and Figure 27 show comparisons between the four types of
treatment fluids for the average initial production (IP) per well and the average IP per foot
per well, respectively. Practical initial production is used in this study and it is measured
by dividing the second-month cumulative production by the number of produced days
(BOE/Day). Calculating the practical IP based on the second month of production is more
representative as in the first month production the number of produced days may vary
based on when the well was brought to production after completion during that month.
Comparing the IP of the different treatment fluid types showed that hybrid fluids reflected
slightly higher average practical IP than cross-linked gel treatment. Linear and water fracs
performed lower than hybrid and cross-linked fluids. To eliminate the bias related to the
difference between the lateral length of the stimulated wells, the practical IP data were
divided by the perforated lateral length to be compared based on the normalized
(BOE/Day)/foot. Hybrid treatment showed the highest productivity per stimulated foot
followed by cross-linked gel, then linear gel and finally water fracs. Figure 28 shows the
average cumulative first six months production in Cotton Valley wells and Figure 29 shows
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the average first six months cumulative BOE production per perforated foot. The average
first year, two years and five years cumulative BOE production of the Cotton Valley wells
are shown in Figure 30, Figure 31, and Figure 32, respectively. The average cumulative
BOE per perforated length (BOE/Ft) for the Cotton Valley first year, two years and five
years are presented in Figure 33, Figure 34, and Figure 35, respectively.
In summary, hybrid and cross-linked gels performed the best in terms of initial
production rate. The cross-linked gels and hybrid frac treatments performed the highest
and showed slightly similar behavior in the average cumulative production up to 2 years.
The five years cumulative BOE showed that the cross-linked gel fluids produced more 30%
higher than hybrid fracs and 84% better than gel fracs. Cross-linked fracs performed
superior with 9 folds higher average cumulative 5 years BOE compared to water fracs. The
average cumulative production per stimulated foot analysis also confirmed the same
conclusion with water fracs performing the lowest while cross-linked, hybrid, and gel fracs
exhibited slightly similar production behavior as indicated in the figures below.

Figure 25. Bar Chart of Average Five Years Cumulative Production of Gas, Oil and
Equivalent Oil for each Hydraulic Fracturing Fluid Type
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Figure 26. Bar Chart Comparing the Cotton Valley Average Practical IP for Different
Stimulation Fluid Types

Figure 27. Bar Chart Comparing the Cotton Valley Average BOE Practical IP per
Stimulated Foot for Different Stimulation Fluid Types
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Figure 28. Bar Chart Comparing the Cotton Valley Average Six Months Cumulative
BOE for Different Stimulation Fluid Types

Figure 29. Bar Chart Comparing the Cotton Valley Average Six Months Cumulative
BOE per Stimulated Foot for Different Stimulation Fluid Types
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Figure 30. Bar Chart Comparing the Cotton Valley Average First Year Cumulative BOE
for Different Stimulation Fluid Types

Figure 31. Bar Chart Comparing the Cotton Valley Average Two Years Cumulative BOE
for Different Stimulation Fluid Types
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Figure 32. Bar Chart Comparing the Cotton Valley Average Five Years Cumulative BOE
for Different Stimulation Fluid Type

Figure 33. Bar Chart Comparing the Cotton Valley Average First Year Cumulative BOE
per Stimulated Foot (BOE/ft) for Different Stimulation Fluid Types
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Figure 34. Bar Chart Comparing the Cotton Valley Average Two Years Cumulative BOE
per Stimulated Foot for Different Stimulation Fluid Types

Figure 35. Bar Chart Comparing the Cotton Valley Average Five Years Cumulative BOE
per Stimulated Foot for Different Stimulation Fluid Types
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3.5. COMPARING THE EFFECT OF STIMULATION PARAMETERS ON
AVERAGE BOE PRODUCTION
Figure 36, Figure 37, Figure 38, Figure 39, Figure 40, and Figure 41 present the
average proppant mass per perforated lateral length and average water volume per
perforated lateral length versus the cumulative BOE production per perforated lateral
length for the first year, 2 years and 5 years, respectively. Within each of these figures, the
blue bar charts represent the average proppant mass per foot (Lbs/Ft) and the green chart
represents the average water volume per foot (Gal/Ft). The solid black line chart represents
the average cumulative production per foot (BOE/ft).
This analysis indicates that cross-linked gels delivered the highest proppant per foot
and consumed the highest water per foot. Cross-linked gels performed the highest BOE/ft
for the first and second years and slightly lower than gel fracs five years BOE/ft. On the
other hand, water fracs delivered the least amount of proppant per stimulated foot and
consumed the second largest amount of water. Water fracs produced the least BOE/ft
compared to the other four hydraulic fracturing fluid systems in the Cotton Valley that are
addressed in this study.

Figure 36. Combined Bar and Line Charts Comparing the Cotton Valley Average
Pumped Proppant Mass per Foot and the First Year Cumulative BOE Production per
Stimulated Length for each Stimulation Fluid Type
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Figure 37. Combined Bar and Line Charts Comparing the Cotton Valley Average
Pumped Stimulation Base Fluid per Foot and the First Year Cumulative BOE Production
per Stimulated Length for each Stimulation Fluid Type

Figure 38. Combined Bar and Line Charts Comparing the Cotton Valley Average
Pumped Proppant Mass per Foot and the Two Years Cumulative BOE Production per
Stimulated Length for each Stimulation Fluid Type
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Figure 39. Combined Bar and Line Charts Comparing the Cotton Valley Average
Pumped Stimulation Base Fluid per Foot and the Two Years Cumulative BOE Production
per Stimulated Length for each Stimulation Fluid Type

Figure 40. Combined Bar and Line Charts Comparing the Cotton Valley Average
Pumped Proppant Mass per Foot and the Five Years Cumulative BOE Production per
Stimulated Length for each Stimulation Fluid Type

160

Figure 41. Combined Bar and Line Charts Comparing the Cotton Valley Average
Pumped Stimulation Base Fluid per Foot and the Five Years Cumulative BOE Production
per Stimulated Length for each Stimulation Fluid Type

4. CONCLUSIONS

In this study, chemical data from FracFocus were combined with well completion
and production data from DrillingInfo, to create a robust database for investigating Cotton
Valley well production as a function of hydraulic fracturing fluid type.
The main conclusions of this study were summarized in the following points:


FracFocus chemical registry is a valuable source of hydraulic fracturing fluid,
chemical and proppant data for wells stimulated after 2012. The data are available
for download to Excel. The raw data must be reformatted for practical use, which
may require some fundamental understanding of hydraulic fracturing treatments.
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This study provides detailed methodologies to utilize and process FracFocus public
chemical registry database of stimulated wells in the United States. The workflows
include raw data manipulation, grouping chemicals, calculating and verifying wells
mass percent treatments, and merging final FracFocus data with DrillingInfo.



A workflow was developed to classify the types of the hydraulic fracturing fluid
based on the chemical ingredients of the treatment fluid.



Cotton Valley completions vary as a function of hydraulic fracturing fluid and
proppant used. The greatest average treatment fluid volume and proppant are
associated with cross-linked gel fluid treatments.



When normalized for lateral length, cross-linked gel fracs also exhibited the highest
average proppant load per ft/well. It also consumed the highest average fluid
volume/ft/well.



The wells treated with water fracs were associated with shorter perforated lateral
length compared to other types of treatment fluids while cross-linked gel fracs were
associated with the longest perforated lateral length.



Hybrid fluid fracs showed slightly higher average practical IP than cross-linked gel
treatments.



Cross-linked gel fracs outperformed all the other fluid types in terms of cumulative
BOE for the first 6 months, first year, 2, and 5 years, respectively.



The average 5 years cumulative BOE production for the wells fractured with crosslinked gel fluids was 9 folds higher than the average 5 years cumulative BOE for
the wells fractured with water frac fluid.
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In cross-linked gel fracs, the first year cumulative BOE production represented 42%
of the final 5 years cumulative BOE production while first year cumulative
production of BOE for hybrid, gel, and water represented 46%, 42%, and 43%, of
the five years cumulative BOE production, respectively.
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ABSTRACT

The United States hydraulic fracturing and completion activities have seen a
paradigm shift in the pumped water and proppant volumes along the increasing completed
lateral over time. Hydraulic fracturing has become the most dominant treatment in North
America to tap the unconventional resources. Large scale analysis of the completion size
in terms of the amount of proppant, water, and lateral length trends over the period of 2011
and 2018 is presented in this paper. The objective of this study is to elucidate the
completion trends over time and to summarize the average values of the completion and
stimulation parameters. It will put the readers’ mind in perspective of how much proppant
and water have been utilized over the years and shine a light on the progression of the
industry growing demand on water and proppant.
Data from FracFocus website, which serves as an official chemical disclosure
registry for many of the oil and gas states, were utilized in this study. For each stimulated
well, it reports water volume and mass percentage of proppant and all other chemical
ingredients. The raw data were scraped, parsed, and cleaned using advanced statistical and
validation approaches to extract useful information out of the noisy data. A database of
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more than 80,000 wells was built and integrated into this study. Proppant total mass and
the concentration of other chemical ingredients were calculated. The obtained new
variables were coupled with other completion parameters such as the horizontal length,
perforated lateral length, and well types.
The data of each parameter were subjected to rigorous quality control and inspected
for outliers. After passing all the data quality and validation procedures, an advanced data
visualization technique was selected to reflect the trends over time. The overall trends of
the whole aggregated United States are presented in this paper. Investigating the created
visualizations showed that there is an undeniable increasing trend in the amount of the
proppant and water being consumed over the investigated period.
This paper exploits a large number of wells and their associated parameters. Such
a large dataset will provide a comprehensive and practical representation of the completion
and stimulation trends. It will also establish a baseline and reference values for the
investigated parameters by benchmarking the mean, median, and other statistical
expressions for each time period.

1. INTRODUCTION

Over the last decade, the unconventional resources development has grown
tremendously as a result of the advancement in horizontal drilling technology coupled with
hydraulic fracturing stimulation. Large data have been accumulated over the years as more
wells are drilled and stimulated. The gathered data of reservoir, drilling, completion, and
stimulation parameters can be utilized to properly optimize the productivity of the wells
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and can lead to more economic benefits from the unconventional plays. Data utilization
have been implemented by large industry sectors. The oil and gas field data analytics have
been the most dynamically growing area for the industry (Khvostichenko and MakarychevMikhailov, 2018). Realizing the importance of data-driven decisions enticed the operators
and service contractors to dedicate many of their resources to the booming field of data
science. Although this field of utilizing data analytics is relatively new, many studies have
been conducted and the outputs were very insightful (Arthur et al., 2014; Olaoye and
Zakhour, 2018; Srinivasan et al., 2018; Myers et al., 2017; Luo and Zhang, 2018; Yang et
al., 2013; Romero and Poston, 2016; Carman and Wheeler, 2018).
Implementing data science in the oil and gas industry has many challenges and
pitfalls to be overcome before reaping any benefits. The first obstacle is data availability
and accessibility issues. For many years in the past, the completion and stimulation data
accessibility was limited to the operators and service companies and data sharing culture
was not prevailing. The success of any data-driven analysis is based on the data wide range
availability. Any missing part of the data will hinder such analyses. If the data are not
shared across the board or utilized publicly, the operators and service companies will end
up only possessing a piece of the puzzle. On the other hand, collaboration on creating a
joint database will help everyone to see the big picture. The second challenge is the data
quality and ingestion form, i.e., how good and reliable the reported data and how the data
can be accessed. For example, is the data available on paper, uneditable electronic file, or
saved on an easy to copy excel file format. The third challenge is the availability of data
handling and processing software. The good old way of spreadsheet calculations might
reach a limit where Excel software cannot accept more rows of data as it reaches the
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maximum allowable number of cells (Excel maximum rows = 1,048,576). Handling large
datasets, such as FracFocus, demands a higher data processing software and advanced
workflows.
In this study, data from the FracFocus (2019) website were processed and combined
with other parameters from a commercial source (DrillingInfo) to produce a database for
North America to serve as a source for the stimulation, completion, and production data.
The developed database covers all the data from 2011 to 2018 and will be utilized to track
trends and activities on any levels of details.
As the unconventional resources in the United States became the industry focus
over the years and as the operators and the service companies started to try many drilling
and completion techniques, the industry objective was to maximize the production or to
find the best applications to deliver this purpose. Gathering completion and stimulation
data over an extended time period will help in determining the general trends that the
industry is pursuing in their journey of experimentation and refinement for the aspiration
of optimizing production. The advancement in drilling technology led to an increase in the
horizontal lateral length and consequently the number of the stimulated stages. This
induced an increase in the amount of the proppant and fluid volumes being pumped
downhole.
In the early stages of the unconventional resources development, operators started
their stimulation designs with simple engineered procedures to establish their treatment
baseline. Those designs were usually built to accommodate one or more of the following
conditions such as the availability of equipment and logistics, the cost of the materials, and
the targeted initial production. Some operators simply copied the designs that the offset
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operators are implementing. The industry is going through a steep learning curve trying to
improve early baseline designs and still making every effort to come up with the best
combination that fits their productivity objectives. The developments did not only consider
the well completion and stimulation operational designs, but also extended to the types of
products such as proppant types, additives, and fluid types.
Many publications in the literature tried to document the history and the trends of
the shale best practices. The early studies did not contain representative formation
descriptive data that can be utilized to generalize and extrapolate trends to field level. Early
studies were usually conducted on data from a limited number of localized wells and
reflected a very area specific trend (Carman and Wheeler, 2018). King (2010) enriched the
published literature with a published study that provided a comprehensive review of trends
in the shale plays and best practices. At that time, his manuscript was considered as one of
the best summary studies and it is still regarded as a very valuable reference. As more data
are shared, and more comprehensive databases are built, presenting case history studies
can be very helpful in tracking the industry progression towards the best and optimum
completion/stimulation strategies. Having high data quality of the various number of
parameters which describes the formation, drilling, and completion, will serve the purpose
of finding meaningful trends and correlations by using data visualization and descriptive
analysis techniques.
This study is investigating the general trends of the completion and stimulation in
the United States over the time frame of 2011 and 2018. The trends of the proppant and
water consumption over time were presented along with the distribution histograms and
statistical values of each parameter. The normalized values of stimulation parameters by
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the perforated lateral length were also discussed. The effects of the amount of proppant and
water on initial production were introduced in the results and discussions section to show
the response of well productivity to the variation of different completion parameters.
1.1. DATA OF THE STUDIED AREA
Having the ability to access data from many wells as presented in this analysis
enhances the quality of the investigation trends. It helps in providing many insights into
the overall use of proppant and water volumes across the United States. It also gives
intuition about the time progression of trends within each basin, shale play, operators,
fields, counties, etc.
Figure 1 shows a map of the United States with all the wells integrated as part of
this study. The wells’ marker was color-coded based on the type of produced fluid (Oil,
Gas, O&G, CBM: Coal Bed Methane). The shape of the markers was also identified based
on the well drilling type (D: Directional, H: Horizontal, and V: Vertical).

Figure 1. The Wells Location on the U.S. Map
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Figure 2 shows the data coverage in this study in terms of geological basins. The pie chart
sectors are sized based on the number of wells in each basin and all the sectors were colorcoded by basins. The basins with less than 2% wells count were grouped into one sector
named “Others”, which represents 5.6% of the data presented in this paper.

Figure 2. Data Coverage of Major Basins in the United States
The basins data can be subdivided into different shale plays and further analysis of
completion and production trends can be presented. Figure 3 shows a pie chart of the
percentage distribution of the major shale plays participating in this study. Eagle Ford and
Midland represents the largest shale plays in the United States and they are represented
very well in this study with more than 19,000 wells to cover 33% of the wells in this dataset.
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Figure 3. Data Coverage of Major Shale Plays in the United States

2. METHODOLOGY

The first step in this research was to build a comprehensive database that contains
the chemical data, the volume of pumped fracturing fluids, proppant mass, completion
parameters, and production records. The Fracfocus website and DrillingInfo for production
and completion commercial database were selected to be the two major databases to be
downloaded and merged.
The FracFocus website is a public source of the types and percentages of all fluids
and chemicals pumped as part of hydraulic fracturing stimulation. The data of each well is
reported separately on a pdf format. The website allows searching for the wells by state,
county, etc. down to the unique API number. It is managed by the Ground Water Protection
Council and Interstate Oil and Gas Compact Commission. Since 2011, more than 127,000
well sites have been registered into the website as of March 2019. Due to the limitation of
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the maximum number of rows that each Excel sheet can handle, the FracFocus database
was downloaded in several separate excel spreadsheets. Each spreadsheet contains the well
identifiers, chemicals percentage, and description data. Examples of the parameters are API
number, longitude, latitude, job data, state, county, depth, water volume used, and mass
percentage of most of the chemical additives including water and proppant. The data
quality obtained from the raw fields of FracFocus is challenging and requires a
considerable amount of time to be spent on processing and cleansing procedures to
eliminate the typos and errors and to group the chemicals based on the intended purpose of
use. Data processing algorithms were developed in this study. Many data workflows were
also integrated to eliminate errors and repeated fields to come up with an accurate
calculated mass value for each chemical ingredient and to group the additives based on
their intended purpose of use. The workflows were also developed to detect re-fractured
wells and many built-in validation processes were integrated to confirm the accuracy of the
outcomes. The concentration in pound/gallon of all the chemical additives was also
determined in the newly created database. More than 80,000 wells with validated data
quality were extracted from FracFocus. Figure 4 shows a data processing workflow
example.
Production and completion data were extracted from a commercial database source
(DrillingInfo, 2019). It compiles and authenticates data retrieved from the States’ public
records and third-party sources. Since the data quality is already verified by DrillingInfo
(D.I.), routine data quality check and outliers’ detection procedures were applied to D.I.
parameters. Practical initial production was calculated as the second-month production
divided by the number of produced days (BBL/Day, MCF/Day). The perforated lateral
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length was used as a proxy to stage count and as a normalizing parameter. It was calculated
by subtracting the upper perforation depth from the lower perforation depth. Proppant
density (Proppant Loading) was calculated by dividing the total amount of the pumped
proppant mass (lbs) by the total volume of water (gal). Proppant mass, water volume, and
practical IP of gas and oil were also normalized to the length of the perforated horizontal
lateral length (pound/ft, gallon/ft, (MCF/Day)/ft, and (BBL/Day)/ft). Normalizing by the
perforated lateral length will eliminate the difference of the lateral length between the
wells.

Figure 4. Example of Workflow to Process Data Extracted from FracFocus

3. RESULTS AND DISCUSSION

Completion trends across the United States have been showing a continuous
upswing in the amount of proppant and fluid used in well stimulation. Data from all the
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major U.S. unconventional basins were utilized to visualize the growing trends over time.
Although the conventional wisdom in the unconventional resources calls for considering
each formation separately due to the geological differences; the completion trends in all
the formations show the same correlation. This section will be broken into subsections to
crystallize the main aspects and parameters discussed in this study.
3.1. PROPPANT DATA DISTRIBUTION AND TRENDS
Proppant (sand) plays a fundamental role in hydraulic fracturing stimulation. It is
mixed with water and other different chemicals to hydraulically fracture low and ultra-low
permeability shale formations. Proppant have been utilized in hydraulic fracturing for
almost 70 years. The relatively recent advancement of long lateral horizontal drilling and
multi-stage fracturing in addition to the growing demand for energy sources were the main
factors of the growing demand on proppant. The escalation of oil and gas prices provides
extra impetus to drilling, completion, and stimulation activities and hence proppant
demand.
Figure 5 shows a combined box plot and distribution histogram of the proppant data
for the whole United States hydraulic fracturing stimulation applications. The plots are also
associated with a statistical table that shows the count of the participating wells; average
value of the proppant mass pumped for each particular year; median value of the proppant
which are used to describe the variables with wide range; summation which represents the
total mass of proppant consumed for the particular year; maximum and minimum values
to show the range of the data, standard deviation, the first and third quartile values of the
data distribution; interquartile range; and the number of suspected outliers. Each box plot
was color-coded based on the stimulation year. Comparing the median and the average
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values of the proppant mass over the years shows an undeniable trend that the operators
have been utilizing more proppant as time progress.
The years 2011 and 2012 had the least number of wells because the fact that
FracFocus was released during the second quarter of 2011 and reporting the stimulation
data to the website was voluntary, after 2013 more operators started to participate in data
reporting and many states started to require all operators to report the stimulation data as
part of the regulations. The number of wells in 2018 may not be representative to all of the
wells stimulated during that year because the data was collected during the last quarter of
2018 and it takes few months to update FracFocus after the stimulation job is conducted.
The average proppant mass per well started around 2 million pounds in 2011 and as the
time progressed and the lateral length became longer, more proppant was pumped surging
over 10 million pounds during 2017 and 2018.

Figure 5. Proppant Mass Box Plot and Data Distribution
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To account for the increase in lateral length over time a box plot and distribution
diagrams were created for the normalized value of proppant mass over the perforated lateral
length (lbs/ft) as shown in Figure 5 It is still evident that the well average and median value
of the net proppant pumped per each foot of the stimulated lateral was increasing with time.
It can also be inferred that the data distribution range started to get wider during 2015
onward. Over the last 3 years, the operators started to push the proppant usage range further
by trying to pump more proppant per foot as demonstrated in the data distribution
histograms. The suspected outliers were kept in all of the box plots show the trials that
some operators have conducted to test the operational limits. Only the extreme outliers
were removed for the sake of this analysis.

Figure 6. Proppant/Perforated Lateral Box Plot and Data Distribution
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Figure 7 and Figure 8 clearly illustrate that between 2012 and 2018 there is an
undeniable trend in the average and median values of total proppant and total proppant per
perforated foot, respectively. Those two figures are combined charts of average and median
values for each quarter of the studied period. They confirm the increase in average total
proppant mass and proppant mass per foot especially during 2017 and 2018 which was
more than 4 times the amount in 2013 for proppant average mass and more than double the
net proppant per foot when compared to 2013.
Figure 9 shows the average value of proppant further sub-divided based on the
types of drilled wells (H: Horizontal, D: Deviated, and V: Vertical). The figure also shows
the corresponding number of stimulated wells for each type over time (the black bold line
curve). The curve shows that the horizontal wells consume most of the proppant followed
by the deviated then the vertical wells. It also shows how the horizontal wells’ consumption
of proppant increased with time. This incremental over time is attributed to the increased
in the lateral length and the number of stimulated stages over time as well as to the
operators’ willingness to perform bigger jobs by pumping more proppant and fluids.

Figure 7. Average and Median of Total Proppant Over Years in the U.S.
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Figure 8. Average and Median Proppant Mass / Perforated Later Length over Time

Figure 9. Average Total Proppant and Number of Wells over Time for Each Type
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Figure 10 shows an example of the states’ consumption of proppant. Texas has the
lead with more than 50% of all the proppant used in the United States followed by
Oklahoma and Colorado with more than 10% each.

Figure 10. Proppant Consumption by State

3.2. WATER DATA DISTRIBUTION AND TRENDS
Figure 11 shows the volume of water (Million Gallons) usage box plot and
distribution histograms. The average and median values showed a progression in the water
volume from 2 to over 10 million gallons. Over the past three years, the water volume
distribution range got wider which reflects the wider operational range that the operators
started to implement by experimenting with bigger pumped fracturing jobs.
Figure 12 shows the normalized value of water volume per the perforated lateral
length. It was created to show the pure trends of the water volume over time by taking the
effects of the increased lateral length with time out of the equation. Between 2012 and

181
2017, the volume of water gallons per stimulated foot increased from year to year. The last
two years showed similar trends, this could be attributed to reaching the optimized designs
that the operators have been developing over the past years as they continued in trying
different combinations of stimulation designs.

Figure 11. Water Volume Box Plot and Data Distribution
Figure 13 and Figure 14 clearly illustrate that between 2012 and 2018 there is an
undeniable trend in the average and median values of total water volume and total water
volume per perforated foot, respectively. Those two figures are combined charts of average
and median values for each quarter of the studied period. They confirm the increase in
average total water volume and water volume per foot especially during 2017 and 2018
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which was more than 3 times the amount in 2013 for water average volume and more than
double the net water volume per stimulated foot when compared to 2013.
Figure 15 shows the average value of water volume further sub-divided based on
the types of the drilled wells (H: Horizontal, D: Deviated, and V: Vertical). The figure also
shows that the corresponding number of wells for each type over time (the black bold line
curve). The curve shows that the horizontal wells consume most of the water followed by
the deviated then the vertical wells. It also shows how the horizontal wells’ consumption
of water increased with time.
Figure 16 shows the states consumptions of water. Texas has the lead with more
than 55% of all the water consumed in the United States followed by Oklahoma and
Colorado with more than 11% each.

Figure 12. Water Volume/ Perforated Lateral Box Plot and Data Distribution
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Figure 13. Average and Median Values of Total Water Over Years in the U.S.

Figure 14. Average and Median Water Volume / Perforated Later Length over Time
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Figure 15. Average Water Use and Number of Wells over Time for Each Well Type

Figure 16. Water Consumption by State
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3.3. PROPPANT LOADING DATA DISTRIBUTION AND TRENDS
Figure 17 shows the proppant loading or proppant concentration in pound/gallon
(ppg), the plots showed a range of practical values from 0.1 to 2 ppg. Some wells had
proppant concentrations exceeding 4 ppg but the distribution histogram and the box plots
suggest that those values may be considered as statistical outliers and they were kept in this
trend study to show the wide range of the data and to reflect the field applications. Figure
18 shows the combined bar and line chart of the average and median values of the proppant
loading for each quarter of the studied period. The average and median values over time
plateaued between 1.1 and 1.2 ppg.

Figure 17. Proppant Mass/ Water Volume Box Plot and Data Distribution
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Figure 18. Average and Median Values of Proppant Loading

3.4. LATERAL LENGTH AND PERFORATED INTERVALS
Figure 19 and Figure 20 show the distribution histograms and box plots for the
horizontal and the perforated lateral length, respectively. The plots show that the average
horizontal length has been increased from 5000 to 7800 ft. The median values also
corroborate this increase in horizontal length. Over the past two years, the data indicate
that the horizontal length has been optimized and the median, average, and the distribution
histograms confirm the similarity in the trend. Analyzing the perforated lateral length data
showed that at earlier years, the perforated lateral length was approximately 70% of the
drilled horizontal lateral. As time progressed, and especially over the last 3 years, the
percentage has been pushed to 90%. Perforated lateral length can be used as a proxy to the
number of stimulated stages which means over the time the number of stages have
increased.
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Figure 19. Horizontal Length Box Plot and Data Distribution

Figure 20. Perforated Lateral Length Box Plot and Data Distribution
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Figure 21 shows a combined bar chart that represents the average horizontal length
and two line-charts which represent the median horizontal length and median perforated
lateral length over each quarter of the studied period. As time progressed, the horizontal
and perforated length have been increasing while the gap between the median horizontal
length and the median perforated lateral length have been getting narrower. This confirms
that with time progression, more clusters have been added to the stimulated lateral length.
In 2017 and 2018, the average well-stimulated length has reached 7 to 8 thousand feet.

Figure 21. Average and Median Horizontal Length, Median Perforated Lateral Length
over Time

3.5. DRILLING WELL TYPES AND ACTIVITIES OVER TIME
Figure 22 shows a bar chart of the number of completed wells over time (quarterly).
The bars are also color-coded based on the type of the completed well (Red: Horizontal,
Green: Vertical, and Blue: Deviated). The figure shows that as time progressed, more
horizontal wells and less vertical and deviated wells were drilled. It also depicts the
industry recent downturn which indicated by the drop in the number of completed wells
starting in the first quarter of 2015. The number of completed wells started to pick up
during the fourth quarter of 2016.The third and the fourth quarters of 2018 in this figure
are not representative of the actual wells completed over this time period due to the fact
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that the data was collected during the last quarter of 2018 and the lag in FracFocus reporting
system.

Figure 22. Data Sample of Number of Wells Completed over Time Colored by
Completion Type

3.6. INITIAL PRODUCTION RESPONSE
COMPLETION VARIATIONS

TO

STIMULATION

AND

Figure 23 and Figure 24 show sensitivity analyses of the water gal/stimulated foot
and proppant lbs/stimulated foot on average gas production, respectively. Both figures
indicated that over 4000 gal/ft of water and 4000 lbs/ft of proppant, the overall average gas
production starts to decrease. This value should be considered as the upper bound when
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designing stimulation for gas wells. Figure 25 and Figure 26 confirm the limits of 4000
gal/ft and lbs/ft versus the gas production per stimulated foot (MCF/Day)/ft.
Figure 27 and Figure 28 show sensitivity analyses of the water gal/stimulated foot
and proppant lbs/stimulated foot on average oil production, respectively. Both figures
showed that above 3000 gal/ft of water and 3500 lbs/ft of proppant, the overall average oil
production is decreasing. This value should be considered as the upper bound when
designing stimulation for oil wells. Figure 29 and Figure 30 confirm that the limit is 3500
for both gal/ft and lbs/ft versus the oil production per stimulated foot (BBL/Day)/ft.

Figure 23. Water/ft Effect on Average Gas IP
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Figure 24. Proppant/ft Effect on Average Gas IP (MCF/Day)

Figure 25. Proppant/ft Effect on Average Gas IP/Perforated Length (MCF/Day)/ft

Figure 26. Water/ft Effect on Average Gas IP/Perforated Length
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Figure 27. Water/ft Effect on Average Oil IP

Figure 28. Proppant/ft Effect on Average Oil IP

Figure 29. Proppant/ft Effect on Average Oil IP/Perforated Length
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Figure 30. Water/ft Effect on Average Oil IP/Perforated Length

4. CONCLUSIONS

Initially, a comprehensive database was built from combining processed
stimulation data from FracFocus website as well as production and completion data from
DrillingInfo database. The database was used to demonstrate the overall trends of water,
proppant and completion activities across the United States. Practical IP was considered as
the initial production rate for the comparison purpose in this study. The focal point of using
practical IP was to avoid the late production start date during the first month of production,
and it was calculated by dividing the second-month cumulative production by the number
of produced days during that month. Moreover, the perforated lateral length was used as a
proxy to stage count. Consequently, the following conclusions are reached from the study:


The number of wells in 2011 and 2012 was less than the following years because
the FracFocus reporting website was established during the second quarter of 2011
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and it took some time for the operators to cooperate and report all their wells as part
of the states adopted regulations.


The average proppant mass increased over time from 2 million to over 10 million
pounds by 2018. The same was true for the average water volume which ranged
from 2 to 10 million gallons.



For 2017 and 2018 water average and median volume was almost the same which
indicates that the operators have reached to the optimized values of water volumes.



The data distribution histograms over the past two years showed a wider range in
the stimulation parameters ranges which reflect the operators’ increased operational
range.



The practical ranges of proppant loading ranged from 0.1 to 2 pound/gallon.



Water and proppant values were normalized to the perforated lateral length to
eliminate the effect of the difference in the perforated lateral length on the analysis.



The average water per foot and proppant per foot have more than doubled between
2013 and 2017 onward.



The average horizontal length has increased from 5000 to 7800 ft over the studied
period.



The perforated lateral length has increased from 70% of the horizontal length to
90% by 2017.



As time progressed, the operators tend to drill more horizontal wells and less
vertical and deviated wells.
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Plotting the number of completed wells versus completion time reflected the recent
industry downturn which started during the first quarter of 2015 and started to
recover in the fourth quarter of 2016.



Sensitivity curves of proppant/ft and water/ft versus the practical initial production
showed that 4000 gal/ft and lbs/ft can be the limits for gas wells while 3500 gal/ft
and lbs/ft can be the limits for oil wells.



Analyzing the proppant and water total consumption per state showed that Texas
has taken the lead with more than 50% of the total consumed water and proppant
nationwide.
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ABSTRACT

Drilling, completion, and stimulation designs have changed over time as a result of
the oil and gas industry’s ongoing efforts to increase well productivity. Over the last five
years hydraulic fracturing treatments, represented by the volume of pumped water and the
amount of proppant utilized, have increased significantly, along with the lengths of
horizontal wells. This work represents a large-scale descriptive analysis study to illustrate
the trends and the range of completion, stimulation and production parameters in the
Marcellus Shale play of the Appalachian Basin between 2012 and the last quarter of 2017
(2012-2018).
A database was created by combing stimulation fluids and proppant data from the
FracFocus 3.0 chemical registry, with completion and production data from the
DrillingInfo database. More than 2000 Marcellus Shale wells were utilized in this study.
The data were processed and cleaned from outliers. Box plots and distribution bar charts
are presented for most of the parameters in this study, to show the range in values for each
parameter and its frequency of use. The stimulation parameters were normalized to
perforated lateral length in order to compare productivity between the wells.
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Trends identified in this study show how operators in the Marcellus have increased
the use of hybrid fracturing fluids, in addition to increasing water and proppant volumes
over time. The work also illustrates the point at which increasing fracture treatment
volumes no longer increases production rate.
This paper demonstrates the utility of integrating publicly available databases to
examine well completion trends in the Marcellus. The work also provides a summary of
well response as a function of treatment volume over the five-year study period.

1. INTRODUCTION

Over the last decade, the United States experienced tremendous growth in
unconventional oil and gas resource development, primarily in the shale plays. This growth
is mainly attributed to the success in coupling horizontal drilling with multi-stage hydraulic
fracturing to produce oil and gas from ultra-low permeability, or ‘tight’ resources. Energy
information administration (EIA) (2018) reports over 120,000 active horizontal wells
completed since the year 2000. A large amount of data from drilling, completion,
stimulation, and production of these wells is available, often in different databases.
Analysis of such data can provide insights into completion trends and their impact on well
productivity, methods of gaining operational efficiency, cost saving, as well as health,
safety and environmental considerations.
Shale development history, trends, and best practices have been documented by
many studies in the literature. Some earlier studies lacked formation descriptive data which
made it difficult to utilize the findings and generalize it to the field level because the data
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were limited to small number of localized wells representing a small, area specific trend
(Carman et al, 2018). However, with data being shared more readily and more accessible
databases available, more recent studies have provided reviews of shale development
trends (Yang et al., 2013; Arthur et al., 2014; Romero and Poston, 2016; Luo and Zhang,
2018; Olaoye and Zakhour, 2018; Srinivasan et al., 2018; Carman and Wheeler, 2018;
Weijers et al., 2019). Myers et al. (2017) provides a production analysis summary of the
Marcellus Shale. Other recent case studies of various shale development trends provide
useful insight to maximize well productivity (Al-Alwani et al., 2019a; Al-Alwani et al.,
2019b; Al-Alwani et al., 2019c; Al-Alwani et al., 2019d; Al-Alwani et al., 2019e).
As with many other industries, the oil and gas industry has begun utilizing
descriptive and predictive data analytics in processes optimization, future planning, and to
help in making data-based decisions. The use of data analytics in the oil and gas industry
has been described by Khvostichenko and Makarychev-Mikhailov (2018) as the most
dynamically growing fields. Many of the leading operators and service companies have
realized the power of data-driven decisions and have developed specialized teams to review
their accumulated data and analyze trends, in an effort to improve performance. Although
large scale data analytics are relatively new to the oil and gas industry, this field has been
advanced by many of the studies noted previously. Mohaghegh et al. (2017) demonstrates
optimizing Marcellus well production through data analysis using artificial intelligence
(AI) methods. Shahkarami et al. (2018) presents a Marcellus data analysis using machine
learning algorithms. Data science and machine learning approaches are also used
extensively by the Department of Energy oil and gas research to process the complex data
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streams generated by drilling, stimulation, and production to increase the productivity of
the oil and gas wells (Oil & Gas Journal, 2019).
In this study, data were collected from FracFocus 3.0 (2019), the publically available
chemical registry containing chemical and proppant data for stimulated wells. These data
were combined with drilling, completion and production data available through
DrillingInfo (2019) and processed to create a final database that integrates stimulation and
completion parameters with production data. This database was analyzed to identify trends
of completion and stimulation over a five-year period (2012-2017) and to quantify the
stimulation and completion parameters effects on the wells’ productivity. Proppant loads,
water volumes, lateral length increases, types of stimulation fluids used, the response of
combined stimulation and completion parameters on production, and other normalized
parameters are all discussed in this work.

2. MARCELLUS SHALE AND ITS CONTRIBUTION TO ENERGY SUPPLY

The Marcellus Shale is a gas play located in the Appalachian Basin. It consists
mainly of black shale interbedded by some layers of limestone. The formation was known
to contain hydrocarbons for many years but was uneconomic to produce with vertical well
completions. In 2003, Range Resources drilled a well using horizontal well technology
combined with multistage hydraulic fracturing that had been found to be efficient in the
Barnett Shale in Texas (Harper, 2008). This well proved successful and, as of November,
2017, EIA reported more than 11,300 wells have now been drilled in the Marcellus Shale
as shown in Figure 1 (EIA, 2017).
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The Marcellus Shale is now one of the largest shale plays in the U.S. and contributes
significantly to U.S. gas production. Over the past decade, the Appalachian Basin has
contributed 85% of all the growth in U.S. gas production, and it is now equal to
approximately one-third of current U.S. gas production. Predictions suggest that Marcellus
gas production will account for about 45% of the U.S. entire gas production by 2040 (Oil
& Gas Journal, 2019).

Figure 1. Marcellus producing wells as of November 2017 (EIA, 2017)

3. DATA AND METHODS

Data for this study were collected from FracFocus as well as DrillingInfo. A
comprehensive database was built by extracting the chemical ingredients data for every
Marcellus well stimulated and reported in FracFocus. Chemcial volumes, trades names,
and use were obtained, along with all chemical mass percentages. FracFocus data were
processed then combined with completion and production data for the Marcellus Shale
wells obtained from DrillingInfo. The data from FracFocus are available to the public but
require rigorous cleaning and processing for use.
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The main objective in processing the data from FracFocus was to identify and
categorize the stimulation fluid types based on the individual chemical ingredients that are
reported in the list of treatment ingredients.
After extracting the data from FracFocus a series of data processing and formatting
was applied to combine all the data in one file to be ready for the next phase of data
analysis. Chemical ingredients were reported by several identifiers such as the chemical
ingredient name, commercial name, and the chemical abstract service number (CAS#).
There is inconsistency in the way fracturing fluids and their ingredients are named and
reported in FracFocus, making it difficult to use chemical names in the analysis. Many
operators simply report the names based on their own standards. In addition, there are many
chemical naming abbreviations and typos. For this study and for the purpose of classifying
the chemical ingredients into several groups (e.g. gelling agents, cross-linkers, surfactants),
the CAS# was chosen to be the main identifier for each chemical ingredient. A data analysis
technique, referred to as TreeMap charts, was applied to sort the chemical data into 19
prospective groupings based on their CAS# and the number of wells sharing the same
chemical ingredient. Environmental protection agency (EPA) safer chemical ingredients
list and a study conducted by Helmholtz Zentrum München, Institute of groundwater
ecology (which provides a complete list of all hydraulic fracturing chemicals extracted
from the Waxman list and the FracFocus database) were utilized in identifying the
prospective chemical groups (Elsner & Hoelzer, 2016; EPA, 2019).
After the 19 chemical groups were generated, the groups were individually
processed to eliminate any potential duplication in the reporting process from FracFocus.
Once duplication issues were resolved, re-fractured wells were identified in the data
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processing workflow and grouped separately to eliminate aggregating several frac-jobs’
ingredients into one well rather than separately assigning the appropriate number of
fracturing jobs per well. Once all the ingredients mass percentage for the specific chemical
group were summed up and assigned for each well, the following step was to combine all
the chemical groups together into one dataset representing the processed FracFocus.
Following that, multiple new parameters were calculated based on the processed data such
as the calculated total proppant mass and the ingredients’ concentrations. Figure 2 shows
a workflow that combines all the processed chemical groups obtained from FracFocus. The
final database was created by matching the production and completion data from
DrillingInfo with the chemical components for each well. This combined database was
quality checked. Several normalized parameters were also introduced to the database to
help in the analysis phase and to generate production, completion, and stimulation insights
for the Marcellus Shale stimulated wells. Al-Alwani et al. (2019c) presents a more detailed
discussion of the procedures used to create the final database.

Figure 2. Data Processing Workflow to Combine All of the FracFocus Processed Data
into One Database File
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More than 2000 Marcellus wells were identified with sufficient data for trend
analysis and to provide insights regarding completions in the Marcellus Shale. The wells,
and their type of stimulation fluid used, are distributed widely across Pennsylvania and
West Virginia as illustrated in Figure 3 and Figure 4 shows the number of wells per each
stimulation fluid type between 2012 and 2018. Water stimulation fluid treatments dominate
all other fluid treatment over the entire period. Beginning in 2015, hybrid fluid treatments
increase and in 2017 are only slightly less than water treatments. Both linear gel and cross
linked gel treatments have grown in use in 2017, which may be attributed to longer lateral
lengths.

Figure 3. Appalachian Basin Wells Distribution on the Map
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Figure 4. Number of Stimulated Wells for Each Stimulation Fluid Type in the Marcellus
Shale (2012-2018)

4. RESULTS AND DISCUSSION

This section illustrates temporal changes in the types of fracturing fluids used,
median water volume pumped per well and the median proppant loading per well. The
section also provides the distribution values for different stimulation and completion
parameters such as proppant mass pumped, water volume injected, horizontal length of the
wells’ lateral and the perforated segments. The perforated lateral length is used to
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normalize treatment volumes. Short- and long-term productivity response to the
normalized water and proppant injected per perforated foot of horizontal lateral is
presented.
4.1. HORIZONTAL LATERAL AND PERFORATED LENGTH TRENDS IN THE
MARCELLUS SHALE
The wells in this study were all horizontal wells with multi-stage hydraulically
fracturing and producing from the Marcellus Shale. The lateral length data and the gross
perforated interval (which was calculated by subtracting the upper perforation measured
depth from the lower perforation measured depth) were collected from DrillingInfo. The
lateral length and perforated length data were cleaned from any extreme outliers and
validated using the box plots charts as indicated in Figure 5 and Figure 6 Both figures show
box plots superimposed by distribution diagrams of the horizontal lateral length and the
gross perforated interval length, respectively. The box plots and the distribution diagrams
were generated for each stimulation fluid type to show the application range of the lateral
length as well as to identify and eliminate the outliers from skewing the average values of
lateral length for any further analyses. Figure 7 shows box plots and distribution charts for
the ratio between the perforated lateral length to the horizontal lateral length. The
distribution bars indicate that most of the horizontal laterals were 70 % to 100 % perforated.
In some cases, the ratio indicated more than 100% which means that the upper perforation
length was extended to the build section of the well. Figure 8 shows the value of the average
lateral length for each stimulation fluid type. Hybrid fluid treatments were associated with
the longest average lateral lengths while water frac fluids were associated with the shortest
average lateral length. Figure 9 shows the temporal change in Marcellus lateral well
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lengths, noted by both the average and median values of horizontal lateral and perforated
lengths. The bar chart represents the average value while the line chart represents the
median value of the lateral and perforated lengths. This figure shows that both the average
and median values of the lateral and perforated lengths have increased every year over the
time period of 2012 to 2017. The median and the average values are approximately within
the same value which also indicates that the data distribution is uniform and clean of
outliers which results in accurate analyses. The figure also indicates that the 88-90 % of
the horizontal laterals were perforated and hydraulically fractured in the Marcellus.

Figure 5. Box Plots and Distribution Charts of Horizontal Lateral Length of the
Stimulated Wells for Each Stimulation Fluid Type in the Marcellus
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Figure 6. Box Plots and Distribution Charts of the Perforated Horizontal Lateral Length
of the Stimulated Wells for Each Stimulation Fluid Type in the Marcellus

Figure 7. Box Plots and Distribution Charts of the Ratio between Perforated Lengths to
the Lateral Length for Each Stimulation Fluid Type in the Marcellus
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Figure 8. Bar Chart Illustrating the Average Horizontal Lateral Length for Each
Stimulation Fluid Type in the Marcellus Shale

Figure 9. Combined Bar and Line Charts of Average and Median Horizontal Lateral
Length and Perforated Lateral Length per Well in the Marcellus Shale
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4.2. PROPPANT UTILIZATION TRENDS IN THE MARCELLUS
To better understand the amount of pumped proppant per well in the Marcellus
Shale, Figure 10 and Figure 11 were prepared to show the application range of the amount
of proppant pumped per well as well as the amount of pumped proppant per stimulated
lateral length for each well, respectively. The box plots show the four quartiles ranges of
proppant amount and the distribution charts illustrate the number of wells that utilize the
same range of pumped proppant mass. Figure 12 and Figure 13 illustrate the average and
median values of the amount of proppant pumped per well over time and the normalized
proppant pumped to the perforated lateral length per well over time, respectively. It can be
seen that both the average and the mean values of pumped proppant per well, and the
amount of proppant pumped per stimulated foot, increased throughout 2012 to 2018.

Figure 10. Box Plots and Distribution Charts of Proppant Pumped per Well for Each
Stimulation Fluid Type in the Marcellus
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Figure 11. Box Plots and Distribution Charts of Proppant per Perforated Length for Each
Stimulation Fluid Type in the Marcellus

Figure 12. Combined Bar and Line Charts of Average and Median Proppant Pumped per
Well in the Marcellus

212

Figure 13. Combined Bar and Line Charts of Average and Median Pumped Proppant per
Perforated Lateral Length per Well in the Marcellus

4.3. WATER UTILIZATION TRENDS IN THE MARCELLUS
To better understand the volume of pumped water per well in the Marcellus Shale
Figure 14 and Figure 15 were prepared to show the application range of the volume of
water pumped per well as well as the volume of pumped water per stimulated lateral length
for each well, respectively. The box plots show the four quartiles ranges of water volume
and the distribution charts illustrate the number of wells that utilize the same value range
of pumped water volume. Figure 16 and Figure 17 illustrate the average and median values
of the volume of water pumped per well over time and the normalized water pumped to the
perforated lateral length (gallon/foot or gal/ft) per well over time, respectively. Over the
years from 2012 to 2018, both the average and the mean values showed a successive
increase in the volume of pumped water per well and the volume of water pumped per
stimulated foot. Figure 18 compares the average use of water and proppant per well
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between the wells in Pennsylvania and West Virginia. The Marcellus Shale wells in West
Virginia consumed on average more water and proppant than the wells in Pennsylvania.

Figure 14. Box Plots and Distribution Charts of Water Pumped per Well for Each
Stimulation Fluid Type in the Marcellus

Figure 15. Box Plots and Distribution Charts of Water per Perforated Length for Each
Stimulation Fluid Type in the Marcellus
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Figure 16. Combined Bar and Line Charts of Average and Median Water Pumped per
Well in the Marcellus

Figure 17. Combined Bar and Line Charts of Average and Median Pumped Water per
Perforated Lateral Length per Well in the Marcellus

Figure 18. Water and Proppant Average Usage per the States in the Marcellus
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4.4. PROPPANT LOADING TRENDS IN THE MARCELLUS
Proppant loading in pounds per gallon (lb/gal) is obtained by dividing the total
proppant pumped mass by the total water volume pumped per well. Figure 19 shows the
box plots and distribution bars of the proppant loading ranges for each stimulation fluid
type. Figure 20 shows a combined bar and line charts of the average and median values of
proppant loading in the Marcellus wells.

Figure 19. Box Plots and Distribution Charts of Proppant Loading for Each Stimulation
Fluid Type in the Marcellus

Figure 20. Combined Bar and Line Charts of Average and Median Proppant Loading per
Well in the Marcellus
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4.5. PRODUCTIVITY OF THE MARCELLUS SHALE WELLS
Marcellus Shale production is mainly gas but to account for any liquid hydrocarbon
production associated with the gas production, all production volumes have been converted
to barrel of oil equivalent (BOE) using the following conversion, where each 6 MCF of gas
equal 1 BOE. Figure 21 and Figure 22 illustrate the range of production in the Marcellus
Shale wells in box plot charts superimposed by distribution bars for the practical initial
production (BOE/day). The practical initial production was calculated by dividing the
cumulative production of the second month by the number of produced days. The practical
initial production is considered more representative of initial production rate because it
averages the entire month of early production and avoids starting late during the first month
when the well is put on production. The figures also show the cumulative BOE production
for the first year, first two years, and the five years cumulative production.

Figure 21. Box Plots and Distribution Charts of the Initial Production and First Year
Cumulative Production for the Marcellus Shale Wells

217

Figure 22. Box Plots and Distribution Charts of the First Two and Five Years Cumulative
Production for the Marcellus Shale Wells

4.6. PRODUCTION RESPONSE TO THE AMPOUNT OF PROPPANT PER
STIMULATED LATERAL LENGTH
The production performance of stimulated Marcellus wells was tested against the
amount of pumped proppant per foot. The data of total proppant mass pumped per well
were divided by the gross perforated lateral length (lb/ft) and grouped into five groups with
increment of 500 (lb/ft). The average production performance was then plotted in a bar
chart for practical initial production, first year cumulative BOE, two and five years
cumulative BOE as illustrated in Figure 23, Figure 24, Figure 25, and Figure 26,
respectively. The initial production response to the pumped proppant per foot showed a
higher rate at the lower range of 0 – 1000 lb/ft. However, the long-term cumulative
production consistently showed an improvement in average annual cumulative production
with higher ranges of pumped water per foot up to 2000 gallon per foot. For the high range
of gal/ft (2000-2500) the average cumulative production showed a slight drop in
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performance which indicates that the best range of water per foot in the Marcellus Shale
was 1500 – 2000 gal/ft.

Figure 23. Proppant per Foot Effect on Initial Production in the Marcellus

Figure 24. Proppant per Perforated Foot Effect on First Year Equivalent Production in the
Marcellus
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Figure 25. Proppant per Perforated Foot Effect on First Two Years Equivalent Production
in the Marcellus

Figure 26. Proppant per Perforated Foot Effect on First Five Years Equivalent Production
in the Marcellus
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4.7. PRODUCTION RESPONSE TO THE VOLUME OF WATER PUMPERD PER
STIMULATED LATERAL LENGTH
The production performance of the stimulated wells in the Marcellus Shale was also
tested against the size of the stimulation fluid represented by the volume of pumped water
per foot. The data of total water volume pumped per well were divided by the gross
perforated lateral length (gal/ft) and grouped into five groups with increment of 500
(gal/ft). The average production performance was then plotted in a bar chart for practical
initial production, first year cumulative BOE, two and five years cumulative BOE as
illustrated in Figure 27, Figure 28, Figure 29, and Figure 30, respectively. The initial
production response to the pumped water per foot showed a higher rate at the lower range
of 0 – 1500 gal/ft. However, the long-term cumulative production consistently showed an
improvement in average annual cumulative production with higher ranges of pumped water
per foot up to 2000 gal/ft. For the high range of gal/ft (2000-2500) the average cumulative
production showed a slight drop in performance which indicates that the best range of water
per foot in the Marcellus Shale was 1500 – 2000 gal/ft.

Figure 27. Water per Perforated Foot Effect on Initial Production in the Marcellus
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Figure 28. Water per Perforated Foot Effect on First Year Equivalent Production in the
Marcellus

Figure 29. Water per Perforated Foot Effect on First Two Years Equivalent Production in
the Marcellus
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Figure 30. Water per Perforated Foot Effect on First Five Years Equivalent Production in
the Marcellus

5. CONCLUSIONS

In this study, a comprehensive database for the Marcellus Shale play was created
by extracting and processing fracturing fluids chemical ingredients from FracFocus and
then integrated with production and completion data acquired from DrillingInfo. The
database was used to create a descriptive analysis approach to gain insights and understand
the trends of stimulation parameters of proppant mass, water volume, proppant to water
ratio (proppant loading), horizontal lateral length, and the perforated interval length of the
laterals. The production performance of the wells was also introduced in this study by
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comparing the size and the amount of pumped water and proppant per the stimulated lateral
foot. The main conclusions of this study are summarized in the points below:


The chemical registry of FracFocus 3.0 can be utilized as a practical source of
chemical ingredients for most of the wells stimulated after 2012. The raw data from
FracFocus need to go through rigorous cleaning and processing workflows to
generated usable and insightful parameters to be used in descriptive and predictive
analytical approaches.



The hydraulic fracturing process and chemical ingredients subject matter expertise
are paramount to successfully utilize FracFocus data and to present insights into the
stimulation and completion trends in any unconventional shale play development.



In the Marcellus Shale wells, more than 50% of the stimulated wells were
stimulated with water fracturing fluids.



About 90% of the horizontal lateral length was perforated and stimulated in the
Marcellus wells.



Studying the proppant and water quantities trends over time showed that every year
the operators in the Marcellus have increased the average size of the fracturing
fluids water base volume and the amount of the associated proppant.



Testing the productivity of the wells indicated that the long term cumulative BOE
production in the Marcellus Shale wells positively increased as the amount of
pumped water and proppant per foot was increased. Pumping more than 2000
pound per foot of proppant or 2000 gallon per foot of water indicated a negative
trend in term of cumulative production.
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ABSTRACT

Over the last decade, there have been numerous advancements in horizontal drilling
applications and in combination with hydraulic fracturing there has been a plethora of
growth in producing unconventional resources. Scouring the literature shows a close
correlation between the oil and gas prices and the operators’ willingness to pump more or
less proppant in their wells. In correspondence to the change in trends, the operators are
constantly assessing the optimization of completions design to find the optimum
stimulation and completion applications. This paper utilizes 3,782 unconventional
horizontal wells to analyze the impact of proppant volume and the length of the perforated
lateral on short and long-term well productivity across the Permian (Midland) Basin.
The raw stimulation data were collected from FracFocus website. Rigorous data
management techniques were utilized to build a comprehensive dataset with all the
volumes of proppant, water, perforated lateral length, and all other stimulation chemicals.
Quality control and data validations were applied to the dataset and all outliers were
removed. In this study, the amount of the proppant pumped is compared to the cumulative
production of equivalent barrel of oil (BOE) for the first year, 2 years, and five years. The
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effect of normalized proppant per perforated foot on the cumulative production is also
investigated.
Tying cumulative production to completion and stimulation practices, showed that
increasing the pumped proppant per well from 5 million pounds to less than 10 million
pounds, yielded a 34% increase in the five years cumulative average BOE. Stepping up the
pumped proppant per well to 10-15 Million pounds and 15-20 Million pounds increased
the 5 years BOE cumulative from the previous proppant range group to 27% and 18.5%,
respectively. The cumulative production per foot versus the amount of pumped proppant,
lateral length versus production, cumulative production per foot versus lateral length
ranges, and finally the proppant per foot versus cumulative production per foot are all
discussed in this study.
This study represents a descriptive analysis approach to investigate the impact of
different stimulation and completion designs on short and long-term cumulative
production.

1. INTRODUCTION

Unconventional resource development has become one of the primary sources of
both oil and gas production in the United States. This was made possible by both advancing
horizontal drilling technologies and the capability of economically placing hydraulic
fracturing stimulations along horizontal wells. As drilling and stimulation of
unconventional resources have drastically increased, the data obtained from these actions
have also increased. Data gathered from these processes include drilling, completion,

229
stimulation, and production parameters. Analyzing the immense amount of data supports
the advancement of well productivity and can help in identifying economic exploitation
methods essential to drilling and completion on future wells.
Hydraulic fracturing consists of fluids, composed of a base fluid, proppant, and a
variety of chemicals, being injected under the influence of high pressures into the wellbore.
When the fluid is pumped into the well, fractures are created providing pathways for oil
and gas to flow into the well and finally be pumped to the surface. This process consists of
four stages; the spearhead or acid stage, the pad stage, the proppant or slurry stage, and the
flush stage. The spearhead stage is completed by pumping water mixed with diluted acid.
This mixture cleans the perforations and areas around the wellbore containing debris. The
pad stage requires a mixture of water and chemicals being pumped under specific pressures
to initiate fractures in the formation. The proppant stage (slurry) consists of a proppant and
fracturing fluid mixture being pumped into the well to prop and keep the fractures created
in the pad stage open. The final stage, the flush stage, involves a clean base fluid being
pumped into the wellbore to clean out any leftover proppant in the wellbore.
Industry focus has shifted towards unconventional resources in the United States
over the past few years. The shift in focus has resulted in implementation of different
drilling and completion strategies. By consistently challenging design and operating
boundaries, operators and service providers are quickly finding the best methods to
improve well productivity.
To analyze the industry’s tendencies, it is essential to collect drilling, completion,
and stimulation parameters data. Based on said collected data, it is evident that strategic
evolution has been occurring over the years. The target of these strategies is to enhance
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well productivity and reduce the footprint. This can clearly be seen by the adoption of
multiple well pads instead of single well pads. Advancements in drilling technology has
allowed for longer horizontal laterals which calls for more stimulated stages. More
proppant and water are required so that the reservoir is stimulated effectively. Historically,
operators in the unconventional resources have started designs with basic engineering
procedures in unison with establishing baseline treatments. This occurred during the early
development stage of drilling and completion plans.
Recently, one of the quickest growing disciplines within the oil and gas industry is
data analytics. By applying data descriptive and predictive methods, many industries can
optimize their operations as well as better their decision making and future planning
(Khvostichenko and Makarychev-Mikhailov, 2018). The vital importance of data-driven
decision making has recently started being appreciated by many operator and service
companies. Because of this, these companies have begun to allocate many of their
resources to develop data use to drive their everyday decisions.
There is a growing interest in data analysis studies and the literature contains a
copious number of articles that illustrate this interest. Early studies seem to have a lack of
formation descriptive data. Without sufficient data, it is difficult to extrapolate trends to
the field level. Early data studies were normally executed on a limited amount of localized
well data and only described trends from very small areas (Carman and Wheeler, 2018).
With the addition of a published study which included comprehensive reviews of trends
for shale plays best practices, King (2010) was able to add sustenance to the literature. This
study has since then remained a very valuable reference. Historical case studies are very
helpful in seeing the industry’s progression towards ideal completion strategies. Those
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publications have proven the power of data analyses in comprehending trends and to
deduce specific insights (Yang et al., 2013; Arthur et al., 2014; Romero and Poston, 2016;
Myers et al., 2017; Luo and Zhang, 2018; Olaoye and Zakhour, 2018; Srinivasan et al.,
2018; Carman and Wheeler, 2018; Weijers et al., 2019).
Performing data science projects are very challenging in the oil and gas industry.
One of the biggest, if not the biggest, challenges is finding available comprehensive data.
Drilling, completion, and stimulation data has for a long period of time been difficult to
come by. The lack of data was caused by the data being available only to service companies
and operators and data sharing between the two and the public was limited. To make data
analyses successful, a wide range of available data is essential. Any missing data will cause
hindrances in any study and will result in decisions that may not be entirely correct. To
fully execute comprehensive data analyses, a readily available and complete database that
is a combination of both operator and service provider data is needed. When some data is
not made public, researchers would run analyses on incomplete data sets. The lack of data
when completing data analytics may render inefficient analyses. Another challenge that is
presented in data analytics is the quality of data and how the data is formatted when being
used for analyses. Examples include the accuracy of the data and how the data is saved.
Datasets can be saved as scanned paper reports, unchangeable electronic files, or formats
that make it easy to transform and use the data. The last obstacle for large scale data
analytics is finding large scale data processing tools and software. Microsoft Excel, one
major data processing tool, is very frequently utilized. Even so, a single spreadsheet can
only contain 1,048,576 rows of data which may not be large enough for certain datasets.
This limitation could possibly hinder analysts from properly analyzing large databases. For
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example, the data gathered from FracFocus contains several million rows of stimulation
chemical data and Microsoft Excel is not able to handle datasets that large. To perform
such studies, more advanced processing software is needed.
In the current days, with more data are being shared and more accessible databases
are becoming available, studying the historical cases and presenting case studies of the
trends over the recent period of time will serve as a useful and insightful tools to track the
progress that the industry is making towards the optimum strategies to maximize
productivity of the wells (Al-Alwani et al., 2019a; Al-Alwani et al., 2019b; Al-Alwani et
al., 2019c; Al-Alwani et al., 2019d; Al-Alwani et al., 2019e).
For this study, the Permian (Midland) Basin wells’ stimulation chemical data were
downloaded from FracFocus for all the horizontal wells that were completed and
stimulated between 2012 and 2018. The data then subjected to rigorous cleaning and
processing and then combined with DrillingInfo completion and production parameters.
Combining this data provides ample parameters for stimulation, completion and production
data. The objective of this study is to investigate the production performance of the Permian
Basin (Midland) wells as a result to different ranges of stimulation and completion
parameters.

2. DATA AND METHODS

Data for this study were collected from FracFocus as well as DrillingInfo. A
comprehensive database was built by extracting the chemical ingredients data for every
Permian (Midland) Basin well stimulated and reported in FracFocus. Chemical volumes,
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trades names, and use were obtained, along with all chemical mass percentages. FracFocus
data were processed then combined with completion and production data for the Permian
(Midland) Basin wells obtained from DrillingInfo. The data from FracFocus are available
to the public but require rigorous cleaning and processing for use.
The main objective in processing the data from FracFocus was to identify and
categorize the stimulation fluid types based on the individual chemical ingredients that are
reported in the list of treatment ingredients. It also helps in calculating the total mass of
proppant pumper per each well.
After extracting the data from FracFocus a series of data processing and formatting
was applied to combine all the data in one file to be ready for the next phase of data
analysis. Chemical ingredients were reported by several identifiers such as the chemical
ingredient name, commercial name, and the chemical abstract service number (CAS#).
There is inconsistency in the way fracturing fluids and their ingredients are named and
reported in FracFocus, making it difficult to use chemical names in the analysis. Many
operators simply report the names based on their own standards. In addition, there are many
chemical naming abbreviations and typos. For this study and for the purpose of classifying
the chemical ingredients into several groups (e.g. propping agents, gelling agents, crosslinkers, surfactants), the CAS# was chosen to be the main identifier for each chemical
ingredient. A data analysis technique, referred to as TreeMap charts, was applied to sort
the chemical data into 19 prospective groupings based on their CAS# and the number of
wells sharing the same chemical ingredient. Environmental protection agency (EPA) safer
chemical ingredients list and a study conducted by Helmholtz Zentrum München, Institute
of groundwater ecology (which provides a complete list of all hydraulic fracturing
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chemicals extracted from the Waxman list and the FracFocus database) were utilized in
identifying the prospective chemical groups (Elsner & Hoelzer, 2016; EPA, 2019).
After the 19 chemical groups were generated, the groups were individually
processed to eliminate any potential duplication in the reporting process from FracFocus.
Once duplication issues were resolved, re-fractured wells were identified in the data
processing workflow and grouped separately to eliminate aggregating several frac-jobs’
ingredients into one well rather than separately assigning the appropriate number of
fracturing jobs per well. Once all the ingredients mass percentage for the specific chemical
group were summed up and assigned for each well, the following step was to combine all
the chemical groups together into one dataset representing the processed FracFocus.
Following that, multiple new parameters were calculated based on the processed data such
as the calculated total proppant mass and the ingredients’ concentrations. Figure 1 shows
a workflow that combines all the processed chemical groups obtained from FracFocus. The
final database was created by matching the production and completion data from
DrillingInfo with the chemical components for each well. This combined database was
quality checked. Several normalized parameters were also introduced to the database to
help in the analysis phase and to generate production, completion, and stimulation insights
for the Permian (Midland) Basin stimulated wells. Al-Alwani et al. (2019c) presents a more
detailed discussion of the procedures used to create the final database. The database
representation of the major counties in the Permian (Midland) Basin with the number of
wells in each county is illustrated in Figure 2. A map of Texas with all the wells that are
presented in this study is shown in Figure 3.
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Figure 1. Data Processing Workflow to Combine All of the FracFocus Processed Data
into One Database File (Al-Alwani et al., 2019c)

Figure 2. Pie Chart Represents the Number of Wells in the Major Counties of Midland
Basin that were Utilized in this Study
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Figure 3. Map of Texas (Permian- Midland Basin Area) showing the Wells Distribution
Color Coded based on the Type of Treatment Fluids

3. RESULTS AND DISCUSSION

This section will discuss the production performance for all the stimulated
unconventional horizontal wells in the Permian Basin (Midland) To substitute for any
quantities of produced gas, all the production data of oil and gas have been converted to
equivalent barrel of oil (BOE) by using the conversion factor of 1 BOE = 6 MCF. The
amount of proppant being pumped and the length of the perforated lateral length have been
selected to represent the stimulation size and the completion magnitude, respectively.
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3.1. AVERAGE PRODUCTION PERFORMANCE IN RESPONSE
DIFFERENT RANGES OF TOTAL PROPPANT PUMPED PER WELL

TO

Figure 4 illustrates the short and long-term production of the Permian (Midland)
unconventional wells for four different ranges of total proppant pumped per well. The first
group includes the wells that are stimulated with an average total pumped proppant mass
of less than 5 million pounds per well, the second through fourth groups include the wells
that have been stimulated with an average total proppant mass per well of 5 to 10 Million,
10 to 15 Million, and 15 to 20 Million pounds, respectively. The figure shows that average
cumulative production in BOE per well versus time in years for each proppant range group.
It is evident that increasing the amount of the proppant being pumped per well from 5
million to 10 million have positively increase the productivity of the well. The same was
true when the amount of proppant range has increased from 10 million to 15 million
pounds, the productivity of the wells in that group has increased as a result to the larger
stimulation volume of pumped proppant. Upscaling the amount of proppant to more than
15 million pounds and up to 20 million pounds per well did not improve the productivity
especially during the first three years of production compared to the 10-15 million pounds
group of wells. However, the five years productivity have improved compared to 10-15
million pounds wells’ group which indicates that the wells continued to produce at a higher
rate.
Figure 5 demonstrate the percentage of average productivity change per well (BOE)
when upscaling from one pumped proppant group to the following higher proppant range.
The blue line represents the productivity per well (BOE) change as a result to increasing
the proppant pumped from less than 5 million pounds wells’ group to less than 10 million
pounds wells’ group.

Average Cumulative Production per Well
(BOE)
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< 5 M Pumped Proppant ( 196 Wells)
5-10 M Pumped Proppant ( 1682 Wells)
10-15 M Pumped Proppant ( 1415 Wells)
15-20 M Pumped Proppant ( 458 Wells)
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Figure 4. Cumulative Production versus Production Years for Different Groups of
Pumped Proppant
The productivity has increased with reference to the productivity of wells
stimulated with proppant range of < 5 million pounds per well by +32%, +52%, and +34%
for the first, second, and the fifth year’s average cumulative production per well (BOE),
respectively. Elevating the proppant wells’ group from the range of (5-10) million pounds
per well to the range of (10-15) million pounds per well (green line) improved the average
cumulative well’s productivity over time (BOE) with reference to the productivity of wells’
group stimulated with proppant range of 5-10 million pounds per well by +43%, +43.4%,
and +27% for the first, second, and the fifth year’s average cumulative production per well
(BOE), respectively. Further elevating the proppant ranges from (10-15) million pounds
per well to (15-20) million pounds per well (red line) changed the cumulative well’s
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productivity with reference to the productivity of wells’ group stimulated with proppant
range of 10-15 million pounds by +4%, -4.2%, and +18.5% for the first, second, and the
fifth year’s average cumulative production per well (BOE), respectively. This change in
productivity need to be evaluated against the cost of the stimulation and completion versus
the short- and long-term productivity improvement.

Proppant Increase from 5 to (5-10)

Productivity Change of Cumulative BOE (+/- %)

Proppant Increase from (5-10) to (10-15)
Proppant Increase from (10-15) to (15-20)
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Figure 5. Productivity Change over Time in Response to Increasing Proppant
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3.2. AVERAGE PRODUCTION PER FOOT (BOE/FT) PERFORMANCE IN
RESPONSE TO DIFFERENT RANGES OF TOTAL PROPPANT PUMPED
PER WELL
In order to account for the differences in lateral length among the groups of wells,
Figure 6 has been constructed to illustrate the short and long-term production per each
stimulated foot of lateral length for the wells hydraulically fractured in the Permian
(Midland) Basin. The productivity per foot is calculated for four different ranges of total
proppant pumped per well (<5, 5-10, 10-15, and 15-20 million pounds per well). The figure
shows that average cumulative production in BOE/Ft per well versus time in years for each
proppant range wells’ group. It is evident that increasing the amount of the proppant being
pumped per well from 5 million to 10 million have positively increase the productivity of
each stimulated foot of the well. The same was true when the amount of proppant range
has increased from 10 million to 15 million pounds, the productivity per stimulate foot of
the wells in that group has increased as a result to the larger stimulation volume of pumped
proppant. Upscaling the amount of proppant to more than 15 million pounds and up to 20
million pounds per well has negatively reduced the productivity per stimulated foot of the
lateral length, the performance per foot has dropped to almost match the 5-10 million
pounds group of wells but for the long-term productivity (5 years cumulative production)
it showed a slight improvement than the wells stimulated with 10-15 million pounds of
proppants.
Figure 7 demonstrate the percentage change of the average productivity of each
stimulated foot per well (BOE/Ft) when upscaling from one pumped proppant group to the
following higher proppant range. The blue line represents the productivity per well
(BOE/Ft) change as a result to increasing the proppant pumped from less than 5 million
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pounds wells’ group to less than 10 million pounds wells’ group. The productivity/foot has
increased with reference to the productivity/foot of wells stimulated with proppant range
of < 5 million pounds per well by +26%, +32%, and +3.6% for the first, second, and the
fifth year’s average cumulative production/foot per well (BOE/Ft), respectively. Elevating
the proppant wells’ group from the range of (5-10) million pounds per well to the range of
(10-15) million pounds per well (green line) improved the cumulative well’s
productivity/foot over time (BOE/Ft) with reference to the productivity/foot of wells’
group stimulated with proppant range of 5-10 million pounds per well by +17.4%, +16.5%,
and +6.7% for the first, second, and the fifth year’s average cumulative production/foot per
well (BOE/Ft), respectively. Further elevating the proppant ranges from (10-15) million
pounds per well to (15-20) million pounds per well (red line) changed the cumulative well’s
productivity/foot with reference to the productivity/foot of wells’ group stimulated with
proppant range of 10-15 million pounds by -8.8%, -13.2%, and +3.5% for the first, second,

Average Cumulative
Production per Perforated
Lateral Length (BOE/Ft)

and the fifth year’s average cumulative production/foot per well (BOE/Ft), respectively.
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Figure 6. Cumulative Production per Foot versus Production Years for Different Groups
of Pumped Proppant
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Figure 7. Productivity per Foot Change over Time in Response to Increasing Proppant
Amount
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3.3. AVERAGE PRODUCTION PERFORMANCE RESPONSE TO DIFFERENT
RANGES OF PERFORATED LATERAL LENGTH
To consider the completion variation (perforated lateral length) on wells average
cumulative production, Figure 8 has been constructed to illustrate the short and long-term
average cumulative production per well for the wells hydraulically fractured in the Permian
(Midland) Basin. The average cumulative well productivity is calculated for three different
ranges of perforated lateral length of the stimulated horizontal well (<5,000, 5,000 -10,000,
and 10,000 -15,000, feet per well). The figure shows that average cumulative production
(BOE) per well versus time in years for each perforated lateral length wells’ group. It is
evident that increasing the length of the perforated lateral per well from 5,000 to 10,000
feet have positively increased the average cumulative productivity per well. The same was
especially true when the perforated lateral length was increased from 10,000 to 15,000 feet,

Average Cumulative Production
per Well (BOE)

the average productivity per well (BOE) was tremendously increased.
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Figure 8. Cumulative Production versus Production Years for Different Groups of
Perforated Lateral Length
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Figure 9 demonstrate the percentage change of the average cumulative BOE per
well in response to drilling and stimulating longer laterals. The blue line represents the
cumulative productivity per well (BOE) change as a result to increasing the perforated
lateral length from less than 5,000 feet wells’ group to less than 10,000 feet wells’ group.
The productivity has increased with reference to the productivity of wells stimulated with
perforated lateral length of < 5,000 feet by +50.5%, +50.4%, and +39% for the first, second,
and the fifth year’s average cumulative production per well (BOE), respectively. Increasing
the perforated lateral length from the range of (5,000-10,000) feet per well to the range of
(10,000-15,000) feet per well (green line) improved the average cumulative well’s
productivity over time (BOE) with reference to the productivity of wells’ group stimulated
with perforated lateral length of 5,000-10,000 feet per well by +34.6%, +39.5%, and
+120% for the first, second, and the fifth year’s average cumulative production per well
(BOE), respectively.
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Figure 9. Productivity Change over Time in Response to Increasing Perforated Lateral
Length
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3.4. AVERAGE PRODUCTION PER FOOT PERFORMANCE IN RESPONSE TO
DIFFERENT RANGES OF PERFORATED LATERAL LENGTH
Figure 10 shows cumulative production per stimulated foot versus time for two
groups of perforated lateral lengths. The figure shows that the shorter perforated lateral
outperformed the longer lateral range in terms of the amount of BOE per stimulated foot.
This is generally true when not considering the size of the stimulation job (proppant
pounds, mesh size, volume of base fluid). This is demonstrating the importance of properly
sizing the fracturing stimulation treatment to comply with the fracture lateral length
requirements to efficiently stimulate the well. Figure 11 shows the percentage in the drop
in cumulative production per foot (BOE/Ft) as a result to increasing the perforated lateral
length from < 5,000 feet to (5,000 – 10,000) feet. The first-year production/foot showed 7.7% drop, the second and the fifth year’s production/foot showed 7-.31% and -14.8%,
respectively.
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Figure 10. Cumulative Production per Foot versus Production Years for Different Groups
of Perforated Lateral Length
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Figure 11. Productivity per Foot Change over Time in Response to Increasing Perforated
Lateral Length

3.5. AVERAGE PRODUCTION PER FOOT PERFORMANCE IN RESPONSE TO
DIFFERENT RANGES OF PROPPANT MASS PER PERFORATED
LATERAL LENGTH
Figure 12 shows the average production per foot versus time for four different
ranges of the amount of total pumped proppant per perforated lateral length. The figure
shows that the high amount of proppant pumped per stimulated lateral resulted in higher
average production from each stimulated lateral foot unit. This proves that the wells in the
Permian responded very well to big size fracture stimulation jobs.
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Figure 12. Cumulative Production per foot versus Production Years for Different Groups
of Proppant Pounds per Perforated Lateral Length

4. CONCLUSIONS



Pumping 10-15 million pounds per well had the best performance in term of
production per foot and overall cumulative production. It also produced by the
second year 94% of the total BOE produced / 5 years.
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The wells stimulated with 15-20 million pounds per well have shown similar
performance to the wells stimulated with 10-15 million pounds per well in term of
cumulative BOE production for almost the first three years of production, the only
difference is that the wells continued to perform better after year 3 and produced
18.5 % more cumulative production at the end of year 5 than the wells stimulated
with 10-15 million pounds.



The average cumulative production per foot for the wells stimulated with different
ranges of total proppant pumped has shown an improvement in the amount of BOE
produced per stimulated foot as a result to increasing the total proppant pumped.
The exception to that was with the very high amount of total proppant pumped (1520 Million pounds) the productivity/foot for the first two years was lower than the
productivity/foot for the wells stimulated with 10-15 million pounds of proppant.
At year five the productivity/foot have shown an improvement which indicates that
the excess amount of proppant has improved the long-term productivity/foot.



Wells with longer stimulated laterals have produced more average cumulative BOE
per well.



Comparing the productivity per foot of different lateral lengths showed that the
shorter lateral wells produced better BOE/foot than the long lateral wells which
indicates that the longer laterals need to be stimulated with higher amount of
pumped proppants.



The wells that were appropriately stimulated with larger amounts of proppants per
foot are the wells who produced the best in the Permian (Midland) Basin.
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ABSTRACT

Big data has become a major topic in many industries. Most recently, the oil and
gas industry adopted a special interest in data science as a result to the increasing
availability of public domains and commercial databases. Utilizing and processing such
data can help in making better future decisions. The aim of this work is to provide an
example and demonstrate methodologies on how to collect and utilize big data to help in
making better future decisions in the oils and gas industry.
After reading a good number of papers and books about the applications of data
analysis in the oil and gas industry in addition to other industries, and given that data
analysis is the area of expertise of the authors, this paper was written to demonstrate real
examples of data processing and validation workflows. This work is intended to cover the
gap in the literature were many of the publications only discuss the importance of datadriven analytics.
This paper provides an overview of the diverse and bulk data generating sources in
the oil and gas industry, starting from the exploration phase to the end of the lifecycle of
the well. It provides an example of utilizing a public domain database (FracFocus) and
demonstrates a step by step workflow on how to collect and process the data based on the

253
objective of the analytics. Two real examples of descriptive and predictive analytics are
also demonstrated in this paper to show the power of having a diverse and multiple
resources databases. A framework of data validation and preparation is also shown to
illustrate data quality checks combined with best practices of data cleansing and outlier
detection methodologies.
This paper provides a clear methodology on how to successfully apply data analysis
which can serve as a guide for some future data analysis applications in the oil and gas
industry.
1. INTRODUCTION

The anecdotal saying about data is knowledge is not necessarily true. Data are
generally recorded events as they take place. Processing and analyzing the data yields
knowledge. With gained knowledge, an understanding of why things are happening can be
gained and then utilized in the desired direction to optimize the outcomes. The route data
analysis studies must go through several phases starting with the collection and
understanding the data parameters, passing through data visualization and descriptive
analysis, especially for large and complex datasets. Visualization of the data will help in
conveying insights and overall comprehending of the common trends buried within the
data. Good data visualization will also help the non-specialist or non-technical individuals
to be able to understand technical and specialized data. After understanding the data and
investigating the trends, modeling and testing hypotheses follow through as the phase of
predictive analytics which leads to prescriptive analytics. The goal of data analytics is to
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gain useful insights and extract valuable parameters that can help in producing informed
decisions.
Big Data can be defined as a collection of datasets that are large and complex in
nature. The structured and unstructured datasets grow large and fast with time as more data
are generated and added to the original database. The fast-growing rate of such data makes
the traditional relational database systems and other conventional statistical tools fail to
manage this kind of databases.
Staring with big and complex dataset then subjecting it to rigorous analysis and
interpretation phases can generate educated solutions for businesses or any operations
success. To gain more knowledge, the descriptive analytics is taken a step further to
investigate the trends and to understand the driving hypotheses behind the data by building
independent models and formulating assumptions on why the trends and patterns exist.
The built complex mathematical models can be run to validate the assumptions and theories
behind the trends and generate artificial datasets. The generated models are checked against
other sampled data from the original data set that have never been used to generate the
model.
The type of the data is characterized by the speed they are generated, the volume of
represented items, the variety of the type of the data they contain, and the degree of veracity
they own. Big data analytics comes to play to find answers from the data by utilizing a
combination of high technology systems and mathematics which together are capable of
processing all the information and providing valuable insights.
The data analytics starts with collect the data, store, process, analyze, and find
patterns. Data analytics can be classified into three major types. Descriptive data analytics
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describes what happened in the past by presenting the data through graphics and reports,
descriptive analysis is not necessarily capable of explaining why the patterns exist or what
will be the future trend. Predictive analytics utilizes the data to predict what could happen
in the future or what are the expected trends of certain parameters. Prescriptive analytics
evaluates the outcomes of predictive analytics and decides on how to proceed with future
decisions or alter previous designs. Big data analytics and the revolution of datafication
help companies and public administrations to better understand the data, find previously
unnoticeable patterns and provide better solutions for existing and future operations.
The difference between the traditional datasets and big datasets are characterized
by many attributes. The volume of the data in the traditional databases may reach to
gigabytes or even terabytes while in big datasets the volume can go up to petabytes and
zettabytes. The data structure is mostly structured (such as tables, columns, rows) in
traditional and semi-structured or/and unstructured (no specific formats such as emails,
text, video, audio files) in big datasets. The storage organization of the data is stored
centrally in the traditional data and distributed in big data. The data model is based on the
strict schema in the traditional and flat schema in big data. Finally, the data relationship is
complex interrelationships in traditional while almost flat with few relationships in big
data.
This study provides an overview of the data sources in the oil and gas industry with
an example from FracFocus database to demonstrate the process of collecting, processing,
and analyzing the data based on the objective of the analysis. In addition, a framework of
data validation and preparation is shown to formulate data quality rules combined with best
practices of data cleansing and outlier detection methodologies. To show the power of
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having multiple sources of data, two real examples of descriptive and predictive analytics
are also shown.
2. OIL AND GAS INDUSTRY DATA SOURCES

The oil and gas industry generates and stores an enormous amount of data. In the
past, the industry has been tormented by accumulating too much data without the
capabilities of deducting insightful outcomes from the collected data (Feblowitz et al.,
2013). The industry has recently started to transition from the data collection mode to
proactive use of the data mode. The industry generates a massive amount of data during all
phases from exploration to production then abandonment. The industry is going through
an exponential increase in the number of sensors installed in upstream, midstream, and
downstream operations. The ultimate objectives of the utilization of big data and analytics
are to reduce operational cost, increase safety, and enhance productivity. The following
sub-section briefly demonstrate the source of data being generated in different phases
during the lifecycle of oil and gas operations.
2.1. EXPLORATION AND RESERVOIR MODELING PHASE
In the exploration phase, big data approach is very important to process the seismic
data. Seismic data processing requires high-speed computational power and clustered and
parallel high-performance data storage (Vega-gorgojo et al., 2016). Such infrastructure is
deemed necessary to create geological models in 3D to explain the complex geological
structures underground. The data obtained from seismic usually coupled and boosted by
other data sources obtained from offset wells such as rock types and logs. As technology
advances, an additional vast amount of data are being generated. For example, in offshore
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exploration, the old technology was called narrow azimuth towed streaming (NATS) while
the recent technology is called wide-azimuth (WAZ). WAZ generates more than six times
the data being generated by NATS. Seismic data recording has not only been used for the
exploration phase but also recently has been utilized in monitoring wells that contain
permanent geophones. Those geophones are used to collect data to investigate fluid front
movement, monitor carbon capture sequestration, and detect microseismic events due to
fracture stimulation in nearby wells to map the fracture growth and dimensions. Seismic
data centers collect and store data which reaches to 20 petabytes of information and to put
that in perspective, it represents 926 times the size of the data of the U.S. Library of
Congress (Beckwith, 2011). The new techniques of machine learning and data analytics
can be utilized as part of the seismic interpretation methods to find new discoveries.
2.2. DRILLING PHASE
Most of the modern drilling rigs used in drilling oil and gas wells are normally
equipped with many sensors to continuously record all the operation from the time the well
is spud till the well is completed and ready for the production phase. The safety and the
performance are the two main key performance indicators that the drilling engineers and
the operators are actively trying to achieve. Data such as the weight on bit (WOB), the
rotary speed of the bit (RPM), pumping pressure (psi), torque (lb.ft), etc., are constantly
monitored and studied to optimize the drilling time and reduce the non-productive time
(NPT). Multiple sources of data are also recorded and collected by service companies on
location and all the data gathered and stored for each drilled well. Well logs are run several
times during the drilling phase to collect formation and fluid information with open hole
logs that can be performed using wireline logs or logging while drilling techniques. The
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cement bond logs are run to check for the quality of the cement around the casing to make
sure zonal isolation is achieved. Stress and geomechanical tests generate a large amount of
data associated with each well. Well control and safety monitoring data are also an
important part of the data collection and monitoring. Data such as the percentage of the gas
in the mud while drilling through an active reservoir formation and the type of the gases
coming to surface with drilling mud (gas chromatography) are constantly monitored and
modeled to prevent accidents from happening. A large amount of the drilling data that is
generated, stored, and interpreted are dramatically increasing with time and as the
regulations require close monitoring and capturing more data, data analytics are becoming
more important as the time progresses. Drilling data can be utilized to minimize the cost
and NPT to achieve an optimum drilling operation (Alkinani et al., 2018a; Alkinani et al.,
2018b; Alkinani et al., 2018c; Alkinani et al., 2019; Al-Hameedi et al., 2017a; Al-Hameedi
et al., 2017b; Al-Hameedi et al., 2017c; Al-Hameedi et al., 2018).
2.3. PRODUCTION PHASE
Production data are very important and always coupled with other phases. The
objective in many of the reservoir management and all drilling and completion techniques
is to improve the productivity of the wells. Production data are used in data science as a
gauging parameter (response) to other parameters that the engineers are trying to optimize.
Production data are also utilized in reservoir modeling by trying to history matching the
production to fine-tune the geological and simulation models. Water production data can
be compared to oil and gas data to avoid completing near aquifers as well as to help in
taking decisions in production monitoring by adjusting the artificial lift devices’ settings
(e.g. control ESP, plunger, rod pump). Some operators compare the production data and
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the geographic distribution of the wells to select the best investment areas to drill more
wells by identifying the best reservoir properties and oil and gas pockets. The development
of the concept of smart oilfields has flourished and enriched big data analytics. For every
well with intelligent completion, a large amount of data are being generated and stored.
Hence, artificial intelligence applications are being implemented to take actions based on
pre-set algorithms. Different sensors are installed as part of the completion downhole and
the data are transmitted by fiber optic cables. Examples of the data being measured are
flow rate for every phase of the production fluids, water and gas oil ratio, methane emission
during hydraulic fracturing fluids flowback, pressure and temperature along the well all the
way to the wellhead, electrical submersible pumps operating parameters and power usage,
etc.
2.4. OPERATION PHASE
Operations encompass a big stream of structured and unstructured data. The data
are varied and consists of a large range of formats from complex 3D models to sensors
data. The speed accumulated is also challenging as a result of the enormous number of
sensors that are incorporated in most of the operations. Applying big data in the oil and gas
industry drives the reduction in wells’ shutdown or productivity impairment. Big data
analytics also helps in extending the operational lifetime of equipment by predicting the
failure rates and suggesting condition-based preventative maintenance. Real-time data
streaming enables worldwide operational support which improved the quality of the jobs
while minimizing crew in remote locations such as offshore environments. Service
providers analyze the operational conditions of their downhole tools such as mud motor
and logging while drilling (LWD) by continuously analyzing data from several sensors that
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measures the temperature, pressure, and vibration to predict failure and provide surface
warning to change the operational parameters and hence prevent potential tool failure and
consequential NPT and loss of money. Overall, in all phases of the oil and gas industry,
data analytics are used to leverage data-based decision making in all operations and
processes.
In all the E&P phases, the dramatic growth in data generation is not useful by itself.
The ability to utilize and integrate the diverse data sources to seek useful insights and
provide data-driven actions and decisions is the main target of using big data approaches
in the oil and gas industry.

3. DATA COLLECTION AND FORMATTING

Data collection and preparation considered the first step in any data analytics. Data
collection can be a challenging task because all the subsequent analyses will depend on
data quality and reliability. Before embarking in any data-driven studies, a well-defined
objective statement should be formulated to decide on what type of data should be collected
to give a meaningful output. The results of data analytics are the end-product, insights will
be generated and decisions will be made based on those outcomes.
Understanding and organizing the data at the early phase of data collection saves
the time of the data analysts when they try to sift through the data to extract useful insights
for a better-informed decision that can save time and cost. The engineers in the oil and gas
industry spending a large portion of their time trying to search and assemble the data
needed for their projects (BruléGroup, 2015). A recent survey conducted in 2018 by
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General Electric and Accenture among oil and gas executives and 81% of the participants
indicated that big data and data acquisitions are on their top three priorities for 2018
(Mehta, 2018)
To start a data collection project, the first step is to identify the scope of the project
and search for the potential sources. The state and the local governments in the United
States regulate the oil and gas industry and require the operators to reports their data to the
state which are also made publicly available for the community. Texas railroad commission
website (2019) is one example of public data source that contains production and wells’
data files. Some other websites combine most of the states and the regulations require the
operators to report specific data to that website for the purpose of public information. An
example of that is the FracFocus website (2019) that is managed by the groundwater
protection council. FracFocus contains all the chemicals types and percentages that are
pumped in the hydraulically fractured wells. Some commercial databases such as IHS
Market (2019) and DrillingInfo (2019) have been developed to collect and process the oil
and gas data and provide a service of validated, standardized and easy to access organized
data. Those databases provide a large number of data elements on millions of wells’ records
which can go back to wells drilled and produced since 1859. The wells data in the United
States are obtained from the regulatory agencies or directly from the operators. The
following subsections demonstrate examples of data collection and processing steps.
3.1. COMBINING FILES FROM THE SAME SOURCE
Once the objective of the study has been identified, the first step is to collect the
data files from the source then combine them into one database to make the data ready for
the analysis. In this paper, an example will be shown of how to utilize the public records
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of FracFocus to collect hydraulic fracturing chemical data and integrate it with production
and completion database obtained from a commercial database (DrillingInfo). Figure 1
shows a workflow of stacking more than one file to generate one final file to process the
data for the analysis phase. In this example, all the data on FracFocus were downloaded
and tabulated in an Excel file. To stack data files together and merge them into one file, all
data columns of each file must be exactly the same in terms of the column header name
and the format of the data type. Each chemical component of the wells from the FracFocus
records was represented in one Excel row with multiple columns that cover all the reported
data. Due to the limitations of how many rows each Excel sheet can contain (1,048,576
rows) five Excel sheets were used to contain all the 4,146,279 chemicals (rows) that were
found in 142,978 wells. The workflow was generated using self-service data analytics
platform (Alteryx) and the final combined file was saved in a txt format which can be used
for the next step of data cleaning and format checking.

Figure 1. Example of Data Collecting and Stacking into One Data File
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3.2. DATA CLEANING AND FORMATTING
Once all the extracted data are combined in one file, the second step is to format
and select the columns needed for the analysis. Figure 2 shows a workflow example data
formatting and columns selection process, in this particular example, the dates columns of
the hydraulic fracturing start and end dates were in a long format which includes the hours
and seconds, a date formatting function was chosen to change the data formats to
mm/dd/yyyy. Data cleaning tool was used to remove and handle whitespace, capitalization
issues, and nulls. The geographical tool was also used to convert the longitude and latitude
data into map points to plot the wells on the map for the descriptive analytics. The column
selector function was used to eliminate the data that have no meaning to the analysis and
only retain the columns with useful parameters. Finally, the cleaned and formatted file is
exported to a txt file to be used as an input to the next data processing step.

Figure 2. Example of Data Formatting and Columns Selection
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3.3. DATA PROCESSING TO SATISFY THE OBJECTIVES
Once the data is stacked, formatted, cleaned, and selected, the next step is to process
the data to be organized in a format that is useful for the analysis purpose. In the following
example which is depicted in Figure 3, the objective was to evaluate the quantities of
proppant (sand) used in each fracturing job per well in the U.S. Since FracFocus reported
data only provides the weight percentage of the chemicals (including proppant) and for
each well there are several types of proppant used with different mass percentages, data
processing workflow was created to process the proppant data. The workflow starts by
selecting the proppant related columns and the unique well number (API Number). The
workflow is designed to detect and remove any data duplications by comparing all the
parameters and flag the duplicated rows. The following step is to aggregate the proppant
data for each well as one grouped value in the same time inspect if the well has been
refractured by comparing the API number and the job start and end date. The wells that
have been refractured will be grouped separately and the final proppant summed up value
for each well will be determined and then saved in a file that contains all the proppant
related data. The same procedure and workflow will be created to handle and process the
other chemical ingredients separately. Once all the chemical ingredients and the water data
files are created, a joining process will be started to create the final FracFocus database that
includes all the water and chemical data processed and summed up for each well.
3.4. COMBINING DIFFERENT DATABASES
To enlarge the database and include more parameters such as the well completion
and production data, another database has to be joined with the created chemicals database.
In this database example, DrillingInfo which contains the completion and production data

265
of the wells was chosen to be integrated with the stimulation chemicals database. Figure 4
shows the workflow of joining two different databases. The two files are imported from
DrillingInfo and FracFocus then the column selector tool was used after each database to
select the parameters to be joined. The join tool is used in this workflow to join all columns
(completion, production, and stimulation chemicals). In order to use the join tool, a
common entity must exist between the two databases to be identified as the joining
parameter and in this case, the API number was used to join the parameters from both
databases.

Figure 3. Proppant Data Processing Example
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Figure 4. Example of Combining Two Different Databases

4. DATA VALIDATION AND QUALITY ASSURANCE

In this section, a non-case dependent framework is presented to deal with data
validation and preparation. The data point passes quality check when it can serve the
planned purpose in an operation or when it can lead to a clear and correct decision making
(Dai et al., 2018). The data coming from the oil and gas industry are not always accurate
and sometimes have some missing values. Corrupted data cost the industry about $60
billion per year (Nobakht and Mattar, 2009). Most datasets are expected to contain from 15% error. The more caution and validation applied during the data collection process, the
less the error percentage. The most common error sources in the data are human errors,
wrong measurement set up, or malfunction in measuring equipment. Dealing with missing
data or suspected data requires a deep understanding of the dataset and its behavior. A good
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understanding of the dataset leads to a better decision when it comes to remedy and
substitute for the corrupted and missing data (Al Attar et al., 2016). The enforcement of
data quality best practices will not yield instantaneous results, but it will at least ensure a
large signal/noise ratio that accumulates as the process of data collection progress. Data
quality and validation tests vary from being simple to structures generalized, but in both
cases, a wide knowledge in the data domain is required. The data validation for the oil and
gas datasets is significantly different in context from a validity check for a healthcare
dataset, with this contrast the validity is still looking for similar patterns to evaluate the
data quality and fit for operations decision-making.
4.1. DATA VALIDATION
Data validation defined as the process of trying to validate and verify if the value
of a data point comes from a known finite or infinite set of defined acceptable values
(UNECE, 2013). Data validation is also defined as the process of ensuring that the final
dataset complies with several predetermined quality characteristics (Simon, 2013). Di Zio
et al. (2013) adopted a definition that considers the communication between the data
records on the variable level and on the field domain level which defines data validation as
the process of verifying that the dataset combination of values whether or not belongs to a
set of acceptable combinations.
4.2. ACCURACY AND PRECISION
Accuracy and precision are two terms often used without referring to their real
meaning as they define two different aspects of data measures. Accuracy refers to the
correlation between an expected (theoretical) result and an actual value. For example, the
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predicted value of the temperature of the reservoir and the measured value. The percentage
of the difference between these two values (Equation 1) describes the accuracy of that
prediction.
% 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 =

𝑇ℎ𝑒𝑜𝑟𝑒𝑡𝑖𝑐𝑎𝑙 𝑜𝑟 𝐸𝑥𝑝𝑒𝑟𝑖𝑚𝑒𝑛𝑡𝑎𝑙−𝑇𝑟𝑢𝑒 𝑉𝑎𝑙𝑢𝑒
𝑇𝑟𝑢𝑒 𝑉𝑎𝑙𝑢𝑒

∗ 100%

(1)

Precision, in summary, is how the experimental data are reproducible. Yielding low
differences between sequential realizations or experimental trials pronounces a high
precision experiment. Precision can be a good indicator of how good and solid the
experimental setup taking in consideration that the domain is highly reproducible because
some domains have high variability that yields low precision. For example, if a density
measurement tool measures the reservoir fluid, assuming the tool was run three times to
measure the density of the same fluid under the same conditions. The larger the difference
between the three measurements, the lower the precision of the tool. The precision can be
quantified by utilizing the descriptive statistical measures such as range and standard
deviation.
4.3. ERROR SOURCES IN THE DATA
Some examples of sources of errors in the data are as follow:
1. Human error: these errors include the misreading and interpretation of the data that has
been recorded by field personnel.
2. Data collection setup error: the way that data are collected might have a probability of
error to propagate. An example of that is when the single well flow rate of four producing
wells is calculated by dividing the total flow rate by four. This assumes that the rates
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from the four producers are equal, and in fact, they most likely are not. Nobakht and
Mattar (2009) mentioned some error sources related to production and injection data
include:
(i) Averaging the rates of a specific well from an adjacent group of wells.
(ii) Incorrect assumptions (single phase flow while GOR is increasing for example).
(iii) Incorrect location of the pressure gauge (i.e. it is downstream while the choke is not
fully opened).
(iv) Incorrect synchronization (i.e. taking the injection and production data with a time
shift between them and treating them as being measured at the same time).
3. Device malfunction which results in corrupted data: The missing or corrupted data can
have an impact on the decisions that need to be made. The error in one dataset may
propagate to parameters in another dataset.

5. OUTLIERS DETECTION METHODOLOGIES AND TREATMENTS

Hawkins (1980) defined the outlier as an observation in the dataset that
significantly deviates from other observations which raise the suspension that the
observation was generated by different mechanism or approach. The complexity of dealing
with outliers come from the method used to decide if the data point is corrupted or is normal
behavior and that comes from the understanding of that specific dataset. Three methods to
identify the outliers which are box plots, descriptive statistics method, and the Local Outlier
Factor (LOF) will be disused in the following sub-sections.
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5.1. BOX PLOT
Box plots are a useful and easy visualization tool to detect outliers. Three are five
elements of box plots which are maximum, minimum, median, first and third quartiles as
shown in Figure 5 The difference between the first and the third quartiles is called the
interquartile range (IQR). Data points fall outsides the maximum or the minimum of the
box plot whiskers can be potential outliers (Kirkman, 1992).

Figure 5. Box Plot Elements (Kirkman, 1992)

5.2. DESCRIPTIVE STATISTICS METHOD
The assumption here is that the data is normally distributed according to the Central
Limit Theory (Franklin and Brodeur, 1997). This methods flags any data point falls outside
the six standard deviations from the mean, the data point will be considered as a potential
outlier. Example of flow rate outlier detection using this method is shown in Figure 6.
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Figure 6. Descriptive Statistics Method to Detect Outliers (Al Attar et al., 2016)

5.3. LOCAL OUTLIER FACTOR (LOF)
LOF was developed by Breunig et al. (2000). The k-distance (A) can be defined as
the distance from the kth nearest neighbor to point A as shown in Figure 7. Nk(A) is the
set of k points, the reachability distance between the group of points Nk(A) and A can be
defined as:
𝑅𝑒𝑎𝑐ℎ𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 (𝐴, 𝐵) = 𝑚𝑎𝑥{𝑘 − 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝐴), 𝑑(𝐴, 𝐵)}
Where:

(2)

d (A, B) is the distance between A and B i.e. |Y(A) −Y(B)|
B ∈ Nk (A). i.e. the reachability distance between two points A and B is the true
distance and at least k-distance (B).
The local reachability density lrd is defined as:
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𝑙𝑟𝑑(𝐴) =

∑ 𝐵 ∈𝑁𝑘 (𝐴)𝑅𝑒𝑎𝑐ℎ𝑎𝑏𝑖𝑙𝑖𝑡𝑦 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑘 (𝐴,𝐵)
𝑛(𝑁𝐾 (𝐴))

(3)

The LOF factor is given by:
𝑙𝑟𝑑(𝐵)
𝑙𝑟𝑑(𝐴)
𝑛(𝑁𝑘 (𝐴))

∑ 𝐵 ∈𝑁𝑘 (𝐴)

𝐿𝑂𝐹𝑘 =

𝑙𝑟𝑑(𝐴)

(4)

Figure 7. Local Outlier Factor (LOF) Method Definition (Al Attar et al., 2016)

6. DESCRIPTIVE DATA ANALYTICS

The descriptive analysis uses the data to investigate and understand hidden trends
and insights by utilizing statistics and data visualization. It has become a growing topic in
the oil and gas industry especially after the availability of public and commercial databases
and the advancement in statistical and visualization software. Many of the commercial
databases have their own version of dashboards-based analytics which helps the users to
drill down the data and select the parameters of interest that the user would like to
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investigate and observe their trends. The descriptive analysis should not be done without
an overall knowledge about the parameters and the process being analyzed. Misleading
insights and decisions might be inferred because of the inability to justify some of the
events within the data. Figure 8 illustrates an example of a descriptive dashboard and
statistical parameters for proppant used in the United States over the past 8 years.

Figure 8. Example of Descriptive Analyses using Dashboards and Statistics

7. PREDICTIVE DATA ANALYTICS

The oil and gas industry deals with many variables which are having complex
relationships among each other. Like in all industries, investment in oil and gas involves a
great deal of risk. In order to understand the intensity of those risks and to make informed
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decisions, the industry uses data. Data that are generated at every stage of the investment
from seismic exploration and reservoir identification to drilling and production then
refining operations and more. The bulk of data being generated and stored every second
from multiple systems and sensors need to be analyzed to help in optimizing the operations
and predict productivity based on the most influential parameters. Having the data without
the proper tools for processing and modeling is just like have unrefined crude oil as it is
not very useful without proper refining and processing to get to the useful end products.
Predictive analytics provides an optimized prediction by investigating the relationships
between the response parameters and gauge their influence on the predicted parameters. It
converts raw data into mathematical models to generate actionable insights by combining
the investigated domain deep knowledge with advanced data science analytics after
filtering the noise and undesirable faulty data points. The objective behind utilizing
predictive analytics is to improve the operations and reduce the cost and time.
Machine learning and intelligent systems are very important to solve problems that
can’t be modeled with analytical tools. The utilization of machine learning and intelligent
systems can help to minimize NPT and cost. Examples of intelligence systems, including
but not limited to, regression, fuzzy logic, genetic algorithms, probabilistic reasoning,
recurrent neural networks (RNN), and evolutionary computing (Mohaghegh, 2000;
Ertekin, 2005).
An example of that would be utilizing data to predict well loading before it occurs
and take actions to eliminate the production shut down as a result to water level getting
high in the well which exerts hydrostatic pressure in the well higher than the reservoir
pressure that halts the production. Another example is to use machine learning approaches
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such as partial least square (PLS) method to predict the initial gas production in the
Marcellus shale based on some completion and stimulation parameters such as lateral
length, total proppant mass, and the concentration of other stimulation chemicals such as
friction reducer, biocide, corrosion inhibitor, surfactant, and clay control. Figure 9 shows
the prediction model versus actual initial gas production in Marcellus using PLS.

Figure 9. Predicted and Actual Initial Gas Production in the Marcellus
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8. CONCLUSIONS

Data analytics has become important for the oil and gas industry due to the large
data that are available in the exploration, drilling, production, and operations. Utilizing the
available data will help to make better future decisions. However, there are many
challenges in the process of collection, formatting, validation, managing, and analyzing the
data that require close attention from the people who work on the data. The following
conclusions were made based on this study:


Big data analytics and the revolution of datafication helped companies and public
administrations to better understand the data, find previously unnoticeable
patterns, and provide better solutions for existing and future operations.



There is a substantial transition in the oil and gas industry towards data-driven
operations.



Many operators have incorporated data science as part of their organizational
structure and are training the next generation of engineers to be hybrid engineers
that are expert in their area of specialization and data science.



In all the E&P phases, the dramatic growth in data generation is not useful by
itself. The ability to utilize and integrate the diverse data sources to seek useful
insights and provide data-driven actions and decisions is the main target of using
big data approaches in the oil and gas industry.



To join two different databases, a common entity must exist between the two
databases to be identified as the joining parameter.
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Datasets, especially oil and gas data are case-specific when it comes to data
cleaning and transformation.



Although the process of the data validation seems very ad-hoc process, there are
many aspects of data validation remain valid and applicable across all the types of
the datasets in oil and gas. It is also recommended that a walkthrough framework
is implemented especially for oil and gas applications.
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SECTION

2. CONCLUSIONS

The main conclusions from this research is summarized in the followingpoints


Big data analytics and the revolution of datafication helped companies and public
administrations to better understand the data, find previously unnoticeable patterns,
and provide better solutions for existing and future operations.



FracFocus chemical registry is a valuable source of hydraulic fracturing fluid,
chemical and proppant data for wells stimulated after 2012. The data are available
for download to Excel. The raw data must be reformatted for practical use, which
may require some fundamental understanding of hydraulic fracturing treatments.



This work provides detailed methodologies to utilize and process FracFocus public
chemical registry database of stimulated wells in the United States. The workflows
include raw data manipulation, grouping chemicals, calculating and verifying wells
mass percent treatments, and merging final FracFocus data with DrillingInfo.



A workflow was developed to classify the types of the hydraulic fracturing fluid
based on the chemical ingredients of the treatment fluid.



Over time, the operators in the U.S. have increased the total proppant mass and
water volume pumped per well as well as the proppant mass per stimulated foot and
water volume per stimulated foot.



When the oil and gas prices crashed in Q4 2014, the wells count dropped and the
industry focus was shifted towards drilling more horizontal wells compared to
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vertical drilling and the lateral length and stimulation volumes got bigger to
increase the productivity while reducing the wells count.


In the U.S., the average proppant mass increased over time from 2 million to over
10 million pounds by 2018. The same was true for the average water volume which
ranged from 2 to 10 million gallons.



The perforated lateral length has increased from 70% of the horizontal length to
90% by 2017. This indicates that more stages have been fractured along the lateral
length to execute massive hydraulic fracturing treatments.



In the Marcellus Shale Play, the completions vary as a function of hydraulic
fracturing fluid used. The greatest average treatment fluid volume and proppant are
associated with hybrid fluid treatments.



In the Marcellus Shale wells, more than 50% of the stimulated wells were
stimulated with water fracturing fluids



In Cotton Valley formation, the completions vary as a function of hydraulic
fracturing fluid and proppant used. The greatest average treatment fluid volume and
proppant are associated with cross-linked gel fluid treatments.



The wells that were appropriately stimulated with larger amounts of proppants per
foot are the wells who produced the best in the Permian (Midland) Basin.



In the Permian Basin, comparing the productivity per foot of different lateral
lengths showed that the shorter lateral wells produced better BOE/foot than the long
lateral wells which indicates that the longer laterals need to be stimulated with
higher amount of pumped proppants.
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3. RECOMMENDATIONS AND FUTURE WORK

The developed databse requires continuous updating as FracFocus continues to add
new stimulation reports every month. The database can also be improved by integrating it
with other commercial databases such as HIS in addition to DrillingInfo.
More studies are planned to be excuted in the near future to assist the Health Effect
Institute with a study to track the confidential ingredients in hydraulic fracturing chemical
components.
More journal papers are planned to be published that describes the stimulation
chemicals and classify them based on the purpose for use and the CAS#.
Another study is intended to be published which will discuss the pad drilling surface
density distribution as well as the wells proximity downhole and the drainage radius.
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